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Waterlogging can be detrimental to soybean [Glycine max (L.) Merr.] growth and 
development, with effects ranging from chlorosis and stunting to yield loss and plant death. 
Soybean responses to, and the effects of, waterlogging are dependent on the growth stage of the 
plant at the initiation of waterlogging. The objectives of this study were: (1) to assess the 
effectiveness of Genomic Selection (GS), Marker Assisted Selection (MAS) and Phenotypic 
Selection for flood tolerance at the progeny row stage as compared to random selection, for the 
development of high-yielding flood-tolerant lines; and (2) to compare field-screening and 
hydroponic greenhouse screening methodologies for hypoxia tolerance. For the first objective, 
391 individuals from four populations at the F4:5 generation were either: 1) screened for 
waterlogging tolerance at the R1 growth stage in observation or first-year yield trial stages; 2) 
subjected to genomic selection using two different training approaches; 3) underwent marker-
assisted selection; or 4) were advanced purely based on agronomic adaptation under non-flooded 
condition. Subsequently, the tagged selections together with the base populations (control) were 
entered in a multi-location trial where flood tolerance and yield were assessed, and the responses 
were compared across the different selection methods. Results from this experiment indicated 
significant differences between visual selection and the base population, and between genomic 
selection and base population when long-rows experiment was used in the training set. Random 
selection and base population were also significantly different on the identification of flood 
tolerant lines, assessed as tolerance index and probability of discard. Random selection method 
resulted in the lowest tolerance index and highest probability of discard. We also observed that 
visual or genomic selection derived from hill plots did not outperform the control in terms of 
flood tolerance. In addition, all six methods and base populations had similar performance in 
 
  
terms of mean yield. This suggests that breeders must focus on selecting for flood tolerance early 
in the breeding stages, without major risk of reducing yield potential. For the second objective of 
this study, a total of 17 soybean genotypes were screened for waterlogging tolerance at the V2 
growth stage and under a hydroponic system. Plots of responses by cultivar and test method were 
analyzed. We observed consistency in results between field and hydroponic system for most of 
the cultivars, enabling us to discard based on flood susceptibility. Identification of the most 
efficient selection method for flood tolerance, and the development of a greenhouse screening 
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Soybean [Glycine max (L.) Merr.] is one of the most important crops produced and consumed 
worldwide. It accounts for 29% of the global edible oil, and is an important source of protein 
for humans and animals. Soybean can also be used as raw material for the production of 
biodiesel as well as nutraceutical/pharmaceutical and industrial products (Phang et al., 2008).  
Approximately eight-hundred million people experience food shortage. This number may 
increase even more due to current and future food crises. The United Nations aims for a 70% 
increase in food production by 2050 in an effort to feed the world’s growing population (FAO, 
2009). High-yielding crops would assist the rising demand for food. Therefore, improving seed 
quality and developing tolerance/resistance to biotic and abiotic factors is a key to improving 
worldwide food production.  
In 2017, 340.9 million metric tons of soybeans were produced worldwide, with 35% of the 
production being originated in the U.S., and followed by Brazil, Argentina, and China (SoyStats, 
2018). As a good source of oil, soybean accounted for 59% of the oil production in the world in 
2017. That year, soybean exports from the United States represented 37% of the world soybean 
trade. The largest customer was China, followed by Mexico, and The Netherlands (SoyStats, 
2018). In the U.S., the leading soybean-producing states were Illinois and Iowa, growing 16.7 
and 15.3 million metric tons soybean production on an area of 4.3 and 4.1 million hectares, 
respectively (USDA, 2017).  
Most of the soybeans grown in the U.S. are produced in the upper Midwest; however, the 
southern part of the Mississippi River Delta is also considered an important region for soybean 
production. In Arkansas, 1.4 million hectares of soybeans were planted and produced 4.9 million 
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metric tons of soybeans, with an average 3.4 metric tons per hectare yield in 2017 (USDA, 
2017).  
Water-logging and its effects on soybean 
In many areas of the United States and worldwide, soybean growth and grain production are 
negatively affected by flooding conditions (Stanley et al., 1980). Soil can become flooded when 
rainfall or irrigation is excessive, and when the soil is poorly drained. Other terms are also 
commonly used to describe flooding conditions, such as soil saturation, waterlogging, anoxia, 
and hypoxia. The characteristic symptoms of flooding are premature senescence, which results in 
leaf chlorosis, necrosis, defoliation, reduced nitrogen fixation, cessation of growth and reduced 
yield (Daugherty and Musgrave, 1994).  
Flooding can be divided into either water-logging or complete submergence. During 
waterlogging, only the roots are flooded, while complete submergence results in the entire plant 
under water (VanToai et al., 2001). Soybean production in Arkansas occurs mostly on alluvial 
soils with poor surface and internal drainage. Fields under these conditions are prone to 
prolonged flooding, which negatively affects plants at any growth stage. Midwestern states also 
face extensive crop damage in the fields due to flooding (Wetterauer and Killorn, 1996).  
Wu et al. (2017) noted that 6 hours of flooding reduced germination by 13%, and a 48-hour flood 
reduced germination by 90%. The time frame depends on environmental conditions such as air 
temperature, humidity, soil moisture conditions before a flood event, and soil drainage 
properties. Soybeans can survive longer when flooded under cool conditions; conversely, greater 
temperatures and sunlight speed up plant respiration, which depletes oxygen and increases 
carbon dioxide levels in the root zone (Conley and Shannon, 2018). Soil saturated prior to 
flooding has slow, poor drainage afterwards. As a result, soybean death occurs more quickly 
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because flooding prevents gas exchange between the rhizosphere and the air above the soil 
surface (Conley and Shannon, 2018). 
Oosterhuis et al. (1990) observed that soybean yield can be reduced from 17-43% when water-
logging occurs at the vegetative growth stage, and 50-56% at the reproductive stage. Some of the 
reasons for yield losses are reduced root growth, shoot growth, nodulation, nitrogen fixation, 
photosynthesis, biomass accumulation, and stomatal conductance. Additional causes include 
plant death due to diseases and physiological stress (VanToai et al., 1994).  
Mechanisms of waterlogging tolerance 
Soil O2 concentrations  
Several plant species such as, wheat (Cao et al., 1995), maize (Sachs, 1993), and soybean 
(VanToai et al., 2001) have developed mechanisms to cope with flooding stress, which enable 
them to grow and reproduce in wet soil or under water. Those survival mechanisms can be 
divided into two major forms, (1) avoidance of oxygen deficiency within plant tissues; and (2) 
adaptation to oxygen deficiency (Mustroph, 2018). Avoidance of oxygen deficiency within plant 
tissues, essentially involves anatomical and morphological modifications that improve gas 
exchange with the surroundings (Yamauchi et al., 2018). These modifications are mostly 
mediated by the gaseous plant hormone ethylene that naturally accumulates in flooded plant 
parts (Sasidharan and Voesenek, 2015). Ethylene has an important role when plants undergo 
deficiency of oxygen because it can induce the genes of enzymes associated with aerenchyma 
formation, glycolysis, and fermentation pathway (Alamgir and Uddin, 2011). 
Oxygen is essential for providing energy to the cell; therefore, the presence or absence of oxygen 
determines metabolic activity and energy production (Dolferus et al., 2003). Plant cells under 
oxygen deficiency have a first response the induction of fermentation. Since the mitochondrial 
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Adenosine triphosphate (ATP) production is limited by oxygen availability, plants are dependent 
on glycolytic ATP production. During glycolysis, an accumulation of NADH is observed, 
therefore in order to maintain the glycolytic process, NADH needs to be re-oxidized to NAD. 
This is done by lactic acid fermentation, but mainly by ethanolic fermentation via alcohol 
dehydrogenase and pyruvate decarboxylase (Mustroph, 2018). 
Soil CO2 concentrations  
Boru et al. (2003) suggested that elevated CO2 concentrations in the root zone are responsible for 
the typical effects of waterlogging, such as leaf chlorosis, inhibited root growth, and plant death. 
In laboratory studies using plants other than soybean, elevated root zone CO2 was a more severe 
inhibitor of root growth, nitrogen fixation, water uptake and dry matter production than lack of 
O2 (Zhang et al., 1995). Reduced water uptake of roots by a large CO2 concentration (Chang and 
Loomis, 1945) involved a drop in cell permeability to water (Glinka and Reinhold, 1962). These 
investigations indicate that low productivity of soybean in poorly drained fields may be related to 
large CO2 concentration in the root zone due to decreasing water uptake and stomatal aperture 
(Araki, 2005). 
Physical adaptations to waterlogging  
Plants have evolved tolerance mechanisms to adapt to short-term flooding stresses imposed by 
nature. These tolerance mechanisms can shift metabolism from aerobic to anaerobic pathways. 
Plants that can tolerate waterlogging conditions developed mechanisms such as extra availability 
of soluble sugars, aerenchyma formation, greater activity of glycolysis and fermentation, and 
involvement of antioxidant defense mechanisms to cope with the oxidative stress induced by 
flooding (Ahmed et al., 2013).  
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Aerenchyma is the gas space formed by cell death or cell wall separation that improves oxygen 
transportation from shoots to roots, resulting in higher oxygen contents in waterlogged roots 
(Evans, 2004). Aerenchyma formation has been reported in many species like, wheat, rice, 
barley, maize and soybean (Ahmed et al., 2013). Some species, such as rice and wild relatives of 
maize are able to form constitutive lysigenous aerenchyma without being exposed to 
waterlogging conditions, allowing cultivars to adapt to this abiotic stress more promptly than 
those without constitutive aerenchyma (Evans, 2004). In soybean, a tolerant line was found to 
have more aerenchyma formation than a sensitive line under waterlogging stress (Valliyodan et 
al., 2014). Valliyodan et al. (2014) observed differential responses of PI 408105A and S99-2281 
soybean genotypes. Based on his observations, PI 408105A produced greater adventitious root 
biomass and developed aerenchyma earlier and more profusely than that produced by S99-2281 
under ten days of soil flooding. Shannon et al. (2005) screened more than 300 soybean plant 
introductions from the United State Department of Agriculture (USDA); among the tolerant 
genotypes of interest, PI 408105A showed only 32.1% reduction in yield under five days of 
flooding compared to 81.2% reduction in the flooding sensitive breeding line S99-2281. 
Some other tolerance strategies such as root system architecture (RSA) and plasticity contributes 
for a more efficient water/nutrient uptake during flood conditions and faster root system recovery 
after waterlogging (Heng et al., 2018).  
Inheritance of flood tolerance in soybean 
Tolerance to waterlogging has been noted in other crops and appears to be quantitatively 
inherited (Boru et al., 2001). Quantitative traits are controlled by multiple genes; therefore, the 
heritability is low. Quantitative-trait loci (QTL) for tolerance to waterlogging have been reported 
in rice (Xu and Mackill, 1996) and soybean (VanToai et al., 2001).  
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VanToai et al. (2001) evaluated two recombinant inbred line (RIL) populations, Archer/Noir I 
(86 individuals) and Archer/Minsoy (122 individuals). Archer was used as the source of 
waterlogging tolerance (WLT). QTL associated with soybean flood tolerance was identified in 
this research, which revealed one major locus, Sat_064, located on linkage group G, 
chromosome 18, associated with taller plant and greater grain yield of waterlogged plants of both 
populations, therefore flooded plant height has been used as indicator of flooding tolerance 
(Daugherty and Musgrave, 1994).  
Further studies using Archer tried to identify other QTLs associated to waterlogging tolerance in 
RILs. Two F6:11 populations with 103 and 67 inbred lines from A5403/Archer and 
P9641/Archer were used in a QTL identification experiment. The populations were evaluated for 
waterlogging tolerance in the field in three consecutive years. These efforts detected at least five 
more markers for WLT in both populations, Satt599 (chr. 5) on linkage group A1, Satt160, 
Satt269, and Satt252 (chr.13) on linkage group F, and Satt485 (chr. 3) on linkage group N 
(Cornelious et al., 2005). It is noteworthy that Satt252 is not very far from a Pythium resistance 
gene Rpa1, roughly mapped to the same general area in linkage group F (Rosso et al., 2008). 
In Nguyen et al. (2012) study, mapping of QTL associated with resistance to Phytophthora sojae 
and flooding tolerance in soybean was conducted using F7 RILs derived from a cross between 
flood-susceptible elite cultivar S99-2281 and the tolerant exotic cultivar PI 408105A. Four QTLs 
were associated with flooding tolerance on chromosomes 11 (B1) and 13 (F). One region near 
markers Sct_033 and BARC024569-04982 on chromosome 13 and one near BARC-016279-
02316 on chromosome 11 overlapped with a QTL for resistance to Phytophtora sojae. 
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Soilborne pathogens and flood tolerance 
Soybean growth, productivity, and seed quality are adversely affected by a wide range of both 
abiotic and biotic stresses. Phytophthora root rot (PRR) and stem rot, caused by Phytophthora 
sojae (Kaufmann and Gerdemann), damping off caused by oomycetes such as Pythium spp. and 
Phytophthora sojae, and hypoxia stress can severely impact soybean when saturated soil 
conditions occur. Rainfall events where the ground stays saturated for an extended length of 
time, is normally when Phytophthora sojae is most severe (Schmitthenner, 1985). Phytophthora 
sojae is a soilborne oomycete that causes seed rot or seedling damping-off of soybean at early 
growth stages. Established plants can become infected when the soil is wet for extended periods, 
especially if the soil is poorly drained. In wet conditions, oomycetes germinate, transport through 
the water, and are attracted to soybean roots. Under the same environmental conditions, a brown 
lesion begins at the bottom of the primary root and extends up the stem in adult susceptible 
plants resulting in wilted and dead plants. This disease was first identified in Indiana in 1948, 
and has been found in all major soybean-growing regions around the world (Dorrance and 
Grünwald, 2009).  
The use of resistant varieties is the most effective way to manage P. sojae in regions with 
favorable environments and high levels of inoculum (Schmitthenner, 1985). According to 
Gijzen and Quto (2009), two types of genetic resistance have been reported in the soybean–
Phytophthora sojae interaction: single dominant genes (Rps) mediated resistance, and partial 
resistance. The first one confers an immune type of resistance to a limited number of P. sojae 
isolates that carry the cognate avirulence (Avr) gene. Up to now, 15 Rps alleles have been 
mapped to nine loci on chromosomes 3, 13, 16, and 18 (Rps1a, Rps1b, Rps1c, Rps1d, Rps1k, 
Rps2, Rps3a, Rps3b, Rps3c, Rps4, Rps5, Rps6, Rps7, Rps8, and Yu25) (Weng et al., 2001). 
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Additionally, partial resistance, also called quantitative resistance, is another form of genetic 
resistance used to manage P. sojae (Schmitthenner, 1985). Partial resistance is a form of 
incomplete resistance that in the P. sojae-soybean system is expressed as reduced colonization, 
infection efficiency, and oospore production by the pathogen, resulting in fewer rotted roots 
(Mideros et al., 2007). 
The application of modern molecular techniques in plant breeding  
Plant breeding plays a fundamental role in increasing productivity of major crops (Breseghello 
and Coelho, 2013). One of the main responsibilities of plant breeders is to identify and select 
individuals with traits of interest for crossing to develop new populations. Subsequently, such 
populations undergo inbreeding, progeny testing, and selection for several cycles, until a new 
cultivar is ready for release.  
Genetic gain, also referred to as the improvement in average phenotypic value due to selection 
achieved in a cycle, is used to measure the value of a cultivar as compared to previous existing 
offerings. The amount of time necessary to release a cultivar to the farmers is also considered by 
plant breeders (Gur and Zamir, 2004). 
Marker-assisted selection and quantitative trait loci for flood tolerance in soybean 
Advancement in genomics has contributed for the development of new tools for discovering and 
tagging novel alleles and genes. These tools can enhance the efficiency of breeding programs 
through their use in marker assisted selection (MAS) (Gur and Zamir, 2004). MAS is based on 
the assertion that it is possible to infer if plants have a certain gene or quantitative trait loci 
(QTL) from the presence of a marker tightly linked to that gene. MAS would be most useful for 
tracing the inheritance of QTLs and major genes where the procedures for screening the plants 
are labor intensive (Grodzinski et al., 2011). 
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The main advantages of MAS over using phenotypic selection include: 1) time saving by 
replacing complex field trials; 2) selection of genotypes at seedling stage; 3) transfer of 
undesirable or deleterious genes is avoided; 4) unreliable phenotypic evaluation associated with 
field trials due to environmental effects are excluded; 5) testing for specific traits where 
phenotypic evaluation is not practicable; 6) gene ‘pyramiding’ or combining multiple genes 
simultaneously; and 7) selecting for traits with low heritability (Collard et al., 2005; Moose and 
Mumm, 2008; Orazaly, 2012; Lozada, 2018).  
Marker assisted selection is practical and convenient, particularly for traits controlled by a single 
gene. Unfortunately, most of the economically-important traits are controlled by multiple genes 
(quantitative traits) which makes marker identification more complex (Santisteban, 2016). Some 
of MAS limitations include lack of strong trait-marker relationships, polymorphisms and/or 
diagnostic markers, cost, and genome structure (Gupta et al., 2010). 
Marker assisted selection has turned out to be less useful to improve polygenic traits controlled by 
many loci with small effects. The development of innovative strategies that bypass the bottlenecks 
imposed by MAS became necessary. One approach, first developed and implemented by animal 
breeders, was to improve the statistical model including marker trait associations for all available 
markers, not just those of statistical significance (Meuwissen et al., 2001). The approach is broadly 
known as Genomic Selection (GS) (Kurek, 2018). 
Genomic selection 
Genomic selection (GS) is a modified form of MAS in which genetic markers covering the 
whole genome are used to predict the performance of traits of interest. GS develops the 
prediction model by integrating the genotypic and phenotypic data, referred to as training 
population (TP), this model is used to calculate genomic estimate breeding values (GEBVs) for 
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all the individuals of a breeding population (BP) that have only been genotyped. Breeders use 
these values to make selection of individuals for advancement in the breeding cycle without the 
need for phenotyping (Meuwissen et al., 2001). For the purpose of maximizing GEBV accuracy, 
the training population must be representative of selection candidates in the breeding program to 
which GS will be applied (Heffener et al., 2009). 
Prediction Accuracy is considered the base for GS effectiveness. The prediction accuracy 
formula is defined as the correlation between the GEBV and the true breeding value, divided by 
the square root of broad-sense heritability (Goddard and Hayes, 2007). In order to assess the 
potential of GS, factors that affect prediction accuracy, including prediction models used, have 
been examined in different studies. These models include RRBLUP, Bayes A, Bayes B, Bayes 
Cp, Bayes LASSO, and Reproducing Kernel Hilbert Space (Meuwissen et al., 2001; Kizilkaya et 
al., 2010; de los Campos et al., 2009; Gianola and Van Kaam, 2008). 
Among the diverse models to estimate GEBVs, best linear unbiased prediction (GBLUP) (Habier 
et al., 2007; Zhong et al., 2009), are the most commonly used. RRBLUP assumes that all 
markers have the same genetic variance and has been proved to be equivalent to the GBLUP 
method (Goddard, 2009; Hayes et al., 2009b). 
In addition to prediction models, other factors shown to affect prediction accuracy include: the 
linkage-disequilibrium (LD) between markers and QTL in the training and the validation 
populations, training population size, heritability of the desirable trait, and the genetic 
architecture of the trait. Prediction accuracy can be improved by increasing marker density which 
increases the number of QTL that are in LD with markers, therefore capturing more of the 
genetic variation (de Roos et al., 2009; Zhao et al., 2012). 
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Several studies using GS approach have shown promising results on crop improvement. For 
instance, Bernardo and Yu (2007) showed through simulation that GS produced up to 43% 
greater genetic gain than marker-assisted recurrent selection for polygenic traits of low 
heritability in maize (Zea mays L.). Lorenzana and Bernardo (2009) observed in their study on 
biparental populations that if three cycles of GS could be completed to each phenotypic cycle, 
GS gains per year would approach 1.5 times that of phenotypic selection. 
Breeding for flood tolerance in Arkansas 
Breeders have been focusing their attention on developing flood tolerant soybean genotypes to 
overcome field losses (VanToai et al., 1994). The Soybean Breeding Program from the 
University of Arkansas (UASBP) utilizes direct selection at advanced testing stages (F4:6 and 
subsequent generations) as a method for breeding flood tolerant soybean. In short, the breeding 
approach is initiated by selecting parental lines with desirable characteristics, namely at least one 
parent being confirmed flood tolerant, and cross-pollinate them. Plants are harvested and bulk-
threshed during F1, F2 and F3. When populations reach F4 generation, they are single-plant 
harvested and grown, the following year, as progeny row under standard agronomic practices. 
About 15% of rows are selected visually for agronomic adaptation and advanced into yield trials 
at 4 locations with 1 replication. Subsequently, 20-25% of lines in the preliminary yield trials are 
advanced, using yield performance under standard practices as selection criteria, to intermediate 
or advanced stage trials planted at 5 locations with 2 replications. Lines that enter into 
intermediate and advanced stages of testing are also subjected to field screening for flood 
tolerance in a single-location 5-replication trial. Advancements from the intermediate and 
advanced stage trials are based on flood score and yield performance under non-flooded 
conditions on tandem. 
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The UASBP is not currently using GS, MAS, or early generation testing for the selection of 
flood-tolerant genotypes; instead, it is performing tandem selection at late breeding stages. With 
the difficulties to properly execute and manage field screening for flood tolerance, and the 
potential loss of key genotypes of interest by delaying selection for flood tolerance until two 
cycles of selections (progeny row stage, first year of yield trials) have been conducted, the 
UASBP is in need to optimize the breeding approaches used to derive flood tolerant soybean 
varieties. 
Therefore, the objectives of this study were: (1) to assess the effectiveness of Genomic Selection, 
Marker Assisted Selection, Phenotypic Selection, and Random Selection for flood tolerance at 
the Progeny Row, as compared to the base unselected populations; and (2) to field validate a new 
hydroponic screening methodology used for the identification of soybean hypoxia tolerance. The 
hypotheses of this study were that: (1) The different breeding methods of selection would not 
differ from the base population in terms of flood tolerance or yield, and (2) there are no 
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CHAPTER II - ASSESSMENT OF SELECTION METHODS FOR FLOOD 
















Flooding of fields due to heavy and/or continuous rainfall is one of the major abiotic constraints 
severely affecting soybean [Glycine max (L.) Merr.] yield. Therefore, plant breeding techniques, 
such as marker assisted selection, genomic selection, and high-throughput phenotyping have been 
developed to aid in the selection of flood-tolerant genotypes. Nonetheless, it is still unclear when 
to implement the different tools in a breeders’ toolbox to effectively select for soybean flood 
tolerance. Our research objective was to assess the impact of genomic selection, marker assisted 
selection, visual selection, and random selection for flood at the progeny row stage, on the response 
to flood tolerance and yield during the first year of yield trials. A total of four breeding populations 
at the F4:5 generation (progeny row) were either screened for waterlogging tolerance at the R1 
(first flower) growth stage (“Visual”) at hill-plots (Visualhill) or long-rows (Visualrow) stages, or 
subjected to genomic selection (“GS”) using hill-plots (GShill) or long-rows (GSrow) as training 
datasets, marker-assisted selection (“MAS”), or advanced purely based on agronomic adaptation 
under non-flooded conditions (“Random”). The complete base populations (“Control”) were 
advanced into first year yield and flood trials (four locations, one replication under normal 
agronomic conditions for yield screening; and one location, five replications under flooding 
conditions for flood screening), and the top 15% lines of each methodology were tagged for 
identification. ANOVA was conducted across populations, and means separated via Dunnett to the 
base populations. Results indicated significant differences for flood tolerance between Visualrow 
and GSrow in comparison to the base population. Additionally, random selection also diverged from 
the base population, while there were no statistically significant differences between GShill, MAS 
or Visualhill to the base population. Random selected lines had on average lower tolerance indices. 
Moreover, no significant differences for seed yield were observed among treatments and to the 
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base populations. The results indicated that it was necessary to select early (i.e. at progeny row 
level) for flood tolerance, because selection for general agronomic adaptation at progeny row 
without regard to flood tolerance (Random selection) resulted in small population sizes, that either 
due to drift or sampling effects, increased the chances of discarding lines due to poor performance 
under flood screening later in the breeding program. The identification of the most efficient 






Soybean development and productivity are negatively affected by a wide range of abiotic and 
biotic stresses (Nguyen et al., 2012). Flooding due to excess soil water is the second largest 
abiotic stress that affects crop productivity following drought (Boyer, 1982). Poor drainage soils, 
excessive rainfall and irrigation are the main reasons for soil saturation (VanToai et al., 2001). 
Flood waters can partially or completely cover soybean plants; thus, flooding stress is generally 
classified as “waterlogging”, “partial submergence”, and “complete submergence” based on the 
water level relative to the plant tissues that is inundated (Voesenek and Bailey-Serres, 2015).  
The lack of oxygen supply in soils due to flooding conditions leads to symptoms like leaf 
chlorosis, reduced stem and root elongation, disruption of photosynthesis, stomatal closure and 
low transpiration rate, reduced nitrogen fixation, loss of membrane integrity, and reduced yield 
(Kozlowski, 1984; Oosterhuis et al., 1990; Linkemer et al., 1998). Despite the fact that soybean 
is sensitive to flooding damage, it has been shown that soybean can tolerate anaerobic conditions 
through morphological and physiological adaptation (Valliyodan et al., 2014). 
Studies on the genetics of soybean flood tolerance identified Quantitative Trait Loci (QTL) 
responsible for the trait (Cornelious et al., 2005; Reyna et al., 2003). Cornelious et al. (2005) 
identified 32 markers associated with waterlogging tolerance in two recombinant inbred line 
populations, out of the 32 markers only 5 markers were not associated to any known oomycete 
tolerance region, and they located in Chr. 3, 5, 13. Similarly, Nguyen et al. (2012) reported four 
QTLs associated with flood tolerance, located on chromosomes 11 and 13, with one of them in a 
region of a previously reported P. sojae QTL. 
Breeding for soybean flood tolerance has been conducted for over a decade, with successful 
results in the selection of plants that tolerate such anaerobic conditions (Wu et al., 2017). Field 
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screening for flood tolerance has been standardized, with minor modifications, if breeders use 
either a hill-plot (Shannon et al., 2005) or a longer row as experimental unit (Wu et al., 2017). In 
either case, genotypes are planted, subjected to about 10 cm of water for approximately one 
week, and symptoms (chlorosis, necrosis, plant death) are visually rated using a scale of damage 
(FDS) (Shannon et al., 2005; Wu et al., 2017). 
Phenotypic selection is still the most traditional method for selecting new varieties used in 
breeding programs selecting for flood tolerance. Phenotypic selection, however, is time 
consuming, relies on intensive field work, and cannot easily be implemented when large number 
of entries need to be screened for flood tolerance. On the other hand, using molecular breeding 
technologies, including marker-assisted selection (MAS) and genomic selection (GS), breeders 
are able to predict the performance of a line without having to phenotype it (Meuwissen, 2001). 
Selection based on markers can be mastered early in the breeding cycle and at early stage of 
plant development; therefore, it has the potential to significantly reduce the number of 
individuals assessed by the breeder, thus reducing costs (Ben-Ari and Lavi, 2012). MAS has 
been successfully implemented in soybean. For instance, Li et al. (2001) used RFLP markers to 
identify quantitative trait loci (QTLs) conferring resistance to southern root-knot nematode 
(RKN) [Meloidogyne incognita (Kofoid and White) Chitwood] in a F2:3 soybean population 
derived by the resistant PI 96354 and the susceptible ‘Bossier’ cultivar. A major QTL on linkage 
group (LG) O explaining 31% of the total phenotypic variation in RNK gall number and a minor 
QTL on LG-G explaining 14% of the gall variation were reported (Li et al., 2001). Subsequently, 
MAS was conducted using flanking SSR markers to the QTL on LG-O (Satt492 and Satt358) 
and on LG-G (Satt012 and Satt505), and results confirmed the effectiveness of marker-assisted 
selection to predict the RKN phenotypes (Li et al., 2001). On the other hand, working with 
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waterlogging tolerance, Ye et al. (2018) mapped 2 novel QTLs an elite/exotic soybean cross, of 
which qWT_Gm03 was a major QTL (R2 up to 33%) with large phenotypic contribution and 
stability across environments. The soybean breeding program at the University of Missouri has 
been introgressing qWT_Gm03 into elite lines through marker assisted selection to develop high-
yielding and waterlogging tolerant cultivars (Nguyen, 2019, personal communication). 
Genomic selection has also been deployed in soybean. Stweart-Brown et al. (2019) used 
genomic selection for yield and seed composition traits in soybean using 483 elite breeding lines 
and observed prediction accuracy of 0.89, 0.80, and 0.63 for protein, oil, and yield. Also, Bao et 
al. (2014) evaluated the potential of GS for soybean cyst nematode resistance (SCN) and 
contrasted it with MAS. They observed genomic selection, using the full marker set, produced 
average prediction accuracy ranging from 0.59 to 0.67 for SCN resistance, significantly more 
accurate than marker-assisted selection (MAS) strategies using two rhg1-associated DNA 
makers (Bao et al., 2014).  
The Soybean breeding program at the University of Arkansas (UASBP) has been conducting 
flood tolerance screening and breeding for nearly a decade (Carlin, 2014). A typical breeding 
cycle consists of biparental crosses involving one flood-tolerant germplasm line and an elite 
parent. The population is then subjected to inbreeding via a modified single-seed descend 
method until desired homozygosity, then plants are pulled to derive lines that will be grown in 
non-replicated tests and visually selected for general agronomic adaptation under standard 
growing environments. Such lines then undergo yield testing under general agronomic practices 
for three or more years. It is on the second year of yield testing that lines are first subjected to 
field screening under flood conditions. The program does not employ marker-assisted breeding 
for this trait. This delay in selection for flood tolerance until late testing stages, coupled with at 
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least two rounds of selection based on general agronomic adaptation and yield increases the 
chances of discarding genotypes with good flood tolerance under a polygenic inheritance model, 
just because of genetic drift and random sampling. Therefore, the objective of this study was to 
assess the effectiveness of Visual Selection and GS using either hill-plots or long rows datasets, 
and of MAS and Random Selection for flood tolerance at the Progeny Row stage, as compared to 
the base unselected populations, in the identification of flood-tolerant lines in first year of yield 
trials. 
MATERIAL AND METHODS 
Development of base populations 
Two cohorts, each of two populations, were used for this study.  The first cohort consisted of 283 
individuals (F4:5) derived from two populations (N94-7440/UARK5896 and R10-
4892/UA5014C) that were screened for waterlogging tolerance at the soybean R1 growth stage 
in 2018 (Supplementary Table 1). The crosses were made at the University of Arkansas 
Agricultural Experiment Station in Fayetteville, AR in the year of 2013 and 2014, respectively. 
F1 seeds of N94-7440/UARK5896 were grown in Fayetteville in the summer of 2014, harvested 
and bulk threshed. The F2 population was planted in 8 rows in the summer of 2015 in 
Fayetteville and harvested as modified pod pick. The same process was repeated for the F3 
generation in the summer of 2016. A similar breeding approach was conducted on individuals 
from R10-4892/UA5014C cross, with the exception that F1 seeds were grown in Argentina 
during the winter nursery in 2014. Both F4 populations were planted in 8 rows in the summer of 
2017, and a total of 126 (N94-7440/UARK5896) and 157 (R10-4892/UA5014C) single plants 
were harvested respectively, two populations that first underwent selection for waterlogging 
tolerance in 2019. The second cohort consisted on one population 55 individuals derived from 
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the cross RA-452/Walters, and another population of 53 individuals derived from the cross R10-
4892/91210-350 (Supplementary Table 1). The breeding history of these second cohort of 
populations is as it follows: crosses for RA-452/Walters and R10-4892/91210-350 were made in 
the summer of 2014 at the University of Arkansas Agricultural Experiment Station in 
Fayetteville. F1 seeds were planted in Fayetteville, 2015, harvested and bulk threshed. F2 seeds 
were planted in Fayetteville, 2016, and harvested as modified pod pick. A similar inbreeding 
method was conducted for the F3 generation in 2017. F4 seeds were planted in Kibler, AR in 
2018 and harvested as F4:5 single plants. 
Selection methodologies 
Each of the four populations were subjected to four selection methods. Individuals were tagged 
as a particular selection method, and the complete population was planted in the subsequent year 
to assess flood response and yield. The selection methods included: 
Visual selection –  
a. Hill-plot flood screening 
Visualhill selection was conducted at the University of Arkansas Southeast Research Center in 
Rohwer on June 7th, 2018 on a Desha Clay soil. Desha soil type consists of very deep, somewhat 
poorly drained, very slowly permeable soils that formed in clayey alluvium from Permian 
geological formations (USDA SSD, 2018). Hill-plots were hand-planted on raised beds. 
Approximately 5 seeds were planted in one hole, and the holes were planted 0.6 m apart (Figure 
1) in a randomized-complete block with 3 replications. The plots were flooded using irrigation 
water when 50% of them reached the R1 growth stage. Flood water was maintained until 75% of 
plants showed symptoms of susceptibility for flooding. One week after the removal of the flood, 
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visual waterlogging tolerance ratings were taken. The foliar damage scores (FDS) were based on 
a 0-9 scale, with 0 lacking any damage and 9 being completely dead.  
Foliar damage score (FDS) from hill plots was converted into a binomial scale where FDS values 
equal or less than 4 was considered “save”, and equal and higher than 5 was considered 
“discard”. JMP PRO 15.0 Nominal Logistic Regression was used to calculate the Probability of 
Discard. Mean probability of discard and Least Squares Means (α=0.05) were calculated using 
PROC GLIMMIX in SAS 9.4, assuming a beta distribution with logit link. Top 15% of 
individuals from each population were selected based on the small mean probability of discard 
and advanced as flooding screening and yield trials into the following year. Broad sense 
heritability (H2) was calculated estimating the ratio of total genetic variance to total phenotypic 
variance using the following formula:  
 
  
where σ𝐺  
2
and σ𝐸 
2  are variances due to genotype, and error, respectively; and r is the number of 
replications. 
b. Long row screening 
Due to relatively higher error in phenotyping, heritability values in hill-plot screening (method 
“hill-plot flood screening” above) ranged from 12 to 30%. However, it is known that selection 
accuracy depends on trait heritability, and that is dependent on the error in phenotyping 
(Lourenco et al., 2020). Therefore, upon completion of the two years of research during which 
we developed a stronger training dataset, a post-hoc re-analysis of visual selection models was 
conducted to assess the prediction accuracy of visual selection using long-rows as dataset 
(Visualrow). This experiment was performed at the University of Arkansas Rice Research and 
𝐻𝐸𝑛𝑡𝑟𝑦















Extension Center near Stuttgart, Arkansas, on a Dewitt silt loam soil type (fine, smectitic, 
thermic Typic Albaqualf), known to be deep, poorly drained, and very slowly permeable with a 
plow pan at 0.4 m (USDA SSD, 2018). The experimental design used in this study was a 
randomized complete block design (RCBD) with five replications. Plots were single-row 1.5-m 
long with 0.75-m alleys, with a seeding rate of 50 seeds per plot in raised beds (Supplementary 
Figure 3). Flood treatment management and plot scoring was conducted as described in section 
“hill-plot flood screening” above. In a breeding program, since the use of long rows for visual 
selection occurs when genotypes are in yield trial stage, conducting this kind of experiment 
would be equivalent to delaying visual selection for flood tolerance until first-year yield-trial 
stages. 
Progeny row under standard agronomic practices (random selection) 
The two batches of populations were planted in progeny rows in 2018 and 2019, respectively, at 
the Rice Research and Extension Center in Stuttgart, AR on a Dewitt silt loam. Upon maturity, 
rows were scored phenotypically for agronomic adaptation using a scale from 1 to 9, with 1=best 
and 9=worst, traits like growth habit, plant height, number of pods and lodging were considered 
for establishing the score. Relative maturity was also recorded, based on commercial checks 
planted in the same general area and planting dates. The phenotypic scores were sorted by 
population, and the top 15% of individuals based on phenotypic score were tagged as 
advancements. To break ties, when necessary, a random number was generated and individuals 
with similar phenotypic scores were sorted by that random number. Selections were then tagged, 




DNA was extracted from leaf tissue following the CTAB method as described by Doyle and 
Doyle (1990). The DNA concentration and purity were measured using a BioSpec-nano 
spectrophotometer (Columbia, Maryland). Then, two markers previously reported to be 
associated to soybean flood tolerance in chromosome 3 (Nguyen et al., 2012), were used to 
screen progenies for potential to flood tolerance as follows. The sequence of markers 
Gm03_3254190 and Gm03_3255212 (Supplementary Table 2) was provided by the Molecular 
Genetics and Soybean Genomics Department from the University of Missouri. BatchPrimer3 
v1.0 (You et al., 2008) was used to design the primers for the respective markers. The primer 
mix was resuspended separated in purified water at a 100 µM concentration. The working assay 
mix was obtained by mixing forward primer FAM (6 µL), with forward primer VIC (6 µL), 
reverse primer 1 (15 µL) and water (23 µL). Adding up to 50 µL of working assay mix.  
The primers used in this research were obtained from Eurofins Genomics (Louisville, Kentucky). 
Stocks of 100 µM primers were prepared based on the amount of nM of original stock (Table 5), 
and KASP reaction was conducted as reported by He et al. (2014). Based on the KASP assay 
results, a haplotype with desirable alleles from marker Gm03_3254190 and Gm03_3255212 was 
created, and individuals within each population were tagged as selections, up to 15% of selection 
intensity. To break ties, when necessary, a random number was generated and individuals with 
favorable haplotype were sorted by that random number. Selections were then tagged, until 




DNA from each F4:5 progeny, extracted from leaf tissue as previously described for MAS, was 
sent to the Soybean Genomics and Improvement Laboratory (USDA-ARS) for genotyping using 
a SoySNP6K iSelect BeadChip (Illumina, San Diego, CA).  
a. Using population-specific hill-plot data as training (GShill) 
Markers were filtered, keeping those with less than 10% heterozygosity, minor allele frequency 
(MAF) ≥5% and less than 20% missing data. A total of 1,386 markers from Population 1 and 2, 
and 2,745 markers from Population 3 and 4 were left after filtering, and therefore used for 
genomic selection. Phenotypic and marker data from a training population (TP) were used to 
build a model to estimate genomic breeding values (GEBV) of genotypes.  
Because of limitations in availability of genotypic and phenotypic data for genomic selection in 
the UASBP, the TP for genomic selection consisted on hill-plot experiments run at the F4:5 plant 
row stage as explained under the “Hill plot flood screening” section. The trait used for GS was 
Mean Probability of Discard. A ridge regression best linear unbiased prediction (RR-BLUP) 
model was used for GS in the ‘rrBLUP’ package v4.4 in R (Endelman, 2011). The RR-BLUP 
approach treats marker effects as random effects and shrinks equally all QTL effects towards 
zero, thus it can capture minor effects using a large number of markers (minor QTLs) 
(Meuwissen et al., 2001).  
Prediction accuracies for GS were determined using tenfold cross-validation (CV) following the 
equation described by Daetwyler et al. (2008): 
 






where accuracy (𝒓𝑮𝑺) is seen to be a function of the product of the observed heritability (h2) and 
the ratio of the number of phenotypes used to the number of loci involved (). For prediction, 
80% of the TP was used to predict the other 20% as a testing set. Cross-validation was repeated 
for 100 cycles. Individuals, within each population, were sorted based on GEBV for Mean 
Probability of Discard, and the 15% of entries with lowest probability of being discarded were 
tagged as selections. 
b. Using broad-based training population (GSrow) 
A genomic selection model was conducted utilizing a training model built from long-row plot 
datasets across populations and years. In short, genotypic data from all the four populations 
combined were filtered to select for biallelic SNPs with less than 10% heterozygosity, minor 
allele frequency (MAF) ≥5% and less than 20% missing data. A final SNP panel consisting of 
2,525 SNPs and 390 genotypes was created. RR-BLUP model with the phenotypic data “mean 
probability of discard” and marker information was built to estimate the GEBVs of genotypes.  
Assessment of response to selection 
Response to the aforementioned selection methodologies was assessed by planting the complete 
base population the subsequent year and subjecting the F4:6 individuals to yield testing under 
normal growing conditions and to flood screening. Selection tags from previous year were used 
to calculate mean response per selection method, and a meta-analysis was conducted to compare 
selection methods across populations in terms of yield and flood tolerance, as follows: 
Yield trial 
Response to selection on yield was conducted using a randomized complete block design with 
four locations and one replication. F4:6 lines were assigned into 60-entry trials grouped by 
population of origin. Each test had the two parental lines and four commercial checks included as 
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control. Checks used in 2019 included P52A05X, P53A67X, AG55X7, and AG56X8. For lines 
entered in 2020 yield trials, the checks used were AG51X8, AG52X9, AG53X0, P56A49X and 
AG56X8. The experiments were planted in Stuttgart, Rohwer, Keiser and Marianna, AR, in 
Dewitt silt loam, Desha clay, Sharkey silt clay, Calloway silt loam soils, respectively (USDA 
SSD, 2018). A seeding rate of 300 seeds were planted in 2-row plots measuring 5-m long with a 
0.75-m alley between plots, and 0.76-m spacing between rows for Stuttgart, 0.91 m in Keiser and 
Marianna, and 0.97 m in Rohwer. Standard agronomic practices were followed for irrigation and 
crop pest management. Phenotypic data collected included days to maturity and seed yield. 
Location was used as replication in ANOVA. 
Percent of check mean seed yield was calculated for each entry, and used to assess the 
effectiveness of the different methods of selection. ANOVA was conducted in SAS 9.4 software 
(SAS Institute Inc. 2011, Cary, NC) PROC GLIMMIX procedure, by population, with Dunett’s 
test to compare the different methods of selection against the base population (control) with a 
significance level α=0.05.  
Long-row flood screen 
The experiment was conducted at the University of Arkansas Rice Research and Extension 
Center near Stuttgart, Arkansas in a randomized complete block design (RCBD) with five 
replications on a Dewitt silt loam soil. Plots were planted on raised beds in the summer of 2019 
and 2020 at a seeding rate of 50 seeds per plot in single row plots measuring 1.5-m long, with 
0.75-m alley between plots. Levees were constructed around the experiment, and flood water 
were maintained until 75% of plants showed symptoms of flooding. Visual waterlogging 
tolerance ratings for foliar damage score (FDS) based on a 0-9 scale, with 0 being a lack of any 
damage and 9 being completely dead, were taken one week after the water drainage. 
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The individuals within each population selected based of different breeding methods were 
advanced as flood screening trial for the assessment of response to selection where tolerance 
index and probability of discard were the response variables considered on this study. Probability 
of discard was calculated as described in “Visual selection”, while the tolerance index formula 
was built based on severity and incidence scores, as well as greenseeker data. Since population 1 
and 2 did not have greenseeker data, the index was built using only severity and incidence 
values. The tolerance index is a continuous variable between 0 and 1 and follow a beta 
distribution. A higher tolerance index value indicates soybean flood tolerance. 






) ∗ (1 − 𝐺𝑟𝑒𝑒𝑛𝑠𝑒𝑒𝑘𝑒𝑟)] 
The statistical analysis of the phenotypic data (Foliar damage score as probability of discard and 
tolerance index) was conducted in SAS 9.4 (SAS Institute Inc. 2011, Cary, NC). Analysis of 
variance (ANOVA) was performed using PROC GLIMMIX at 5% of significance and assuming 
a beta distribution in order to determine the overall differences of methods of selection on 
soybean flood tolerance response. First, results were analyzed by population using Dunnett’s 
Multiple Comparison, in which method of selection were compared to a control (base 
population). A similar procedure was then conducted for the across-population analysis. 
RESULTS 
Visualhill 
Results indicated significant differences among lines within each population (p<0.001) based on 
the probability of discard values, ranging from 0 to 1. Variation on soybean flood tolerance 
performance was observed across all four populations (Supplementary Figure 10). Lines selected 
in Population 1 fell into the 0 to 30% probability of being discarded, while for Populations 2, 3, 
and 4, the lines advanced had probability of discard values that ranged from 0 to 20%. For each 
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population, the 15% of individuals with lowest probability of discard were tagged as 
advancements for the next breeding stage. 
The estimated entry-mean broad sense heritability (H2) from the 1, 2, 3, and 4 populations was 
19%, 30%, 12% and 23%, respectively, suggesting that flood tolerance is not a highly heritable 
trait when screened using hill-plots with three replications; consequently, visual selection may 
not be very effective selecting for flood tolerance at early breeding stages. 
Visualrow 
Significant differences were observed among lines within each population (p<0.0001). Lines 
selected in Population 1 had a small probability of discard, ranging from 0 to 40%. Population 2 
selections had probability of discard that ranged from 39 to 80%; populations 3 and 4 were more 
susceptible on average, with selections ranging from 86 to 99% probability of being discarded. 
An improvement in entry-mean broad sense heritability was obtained when flood screening 
experiment was conducted in long rows; Population 1, 2, 3 and 4 had heritability estimates of 
35%, 42%, 49% and 51%, respectively, what was on average double that of the heritability 
observed for visual selection using hill plots. 
Progeny row (random selection)  
Visual selection for agronomic adaptation under non-flooded conditions were hypothesized to 
not be correlated to performance under flood; and thus, selection for agronomic adaptation was 
utilized as proxy for “random” selection under flood. Selections of progeny rows were, therefore, 
expected to fall randomly across all probability of discard for flood tolerance in each population 
when the best 15% of individuals within each population were selected according to the 
phenotypic scores under non-flooded conditions. Our results supported that hypothesis, as 
expected (Supplementary Figure 8). All of the four populations had sensitive and tolerant 
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individuals advanced to the next generation, with individuals selected ranging from 0 to 100% 
probability of being discarded. Median probability of discard of flagged individuals was 0.9963, 
0.6759, 0.3954, 0.5178 for Population 1 through 4, respectively. 
MAS 
A total of 15% of individuals from each population were tagged as selections if individuals 
selected contained desirable alleles from both Gm03_3254190 and Gm03_3255212. Results 
indicate Population 1 and 3 did not amplify the marker (Supplementary Figure 9a, 9c), and only 
a small number of individuals with favorable alleles were available for selection. In these cases, 
less than 15% of individuals were selected. For Population 2, fifty-three individuals amplified for 
both desirable alleles, and twenty-four individuals respective to 15% of the population size were 
selected randomly. For Population 4, twenty-five individuals were amplified, and eight 
individuals were randomly selected. 
GShill 
Selections based on the predicted values were expected to fall on the left side of the histogram, 
as observed in Supplementary Figure 11. We also noted that some populations showed narrower 
range of predicted values than others, likely because variation in symptoms across populations. 
Prediction accuracy for genomic selection models built using hill-plot data for each population 
was low and did not vary substantially among the four populations (r = 0.10 to r =0.20) 
(Supplementary Figure 12). It is noteworthy that these values are low, likely because the training 
dataset consisted in hill-plot screening of flood tolerance that showed poor heritability. Genomic 
estimated breeding values (GEBVs) in Population 1 varied from 0.63 to 0.83 probability of 
discard. The other populations sequentially ranged from 0.43 to 0.73 (population 2); 0.40 to 0.50 
(population 3) and 0.27 to 0.55 (population 4) probability of discard. The best 15% of individuals 
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with the smallest GEBVs for probability of discard (i.e. individuals less likely to be discarded 
due to poor flood tolerance) were selected and advanced to the next breeding stage.  
GSrow 
An improvement in prediction accuracy was observed when long rows experiment was used for 
population training. Prediction accuracy of r=0.75 was obtained when the four populations where 
combined for training the population (Supplementary Figure 14). Also, a slightly improvement in 
prediction accuracy was noticed as population size increased, for instance a population with 55 
individuals had r=0.60, while a population with 126 individuals had r=0.70. Genomic estimated 
breeding values in Population 1 varied from 0.25 to 0.88 probability of discard. The other 
populations sequentially ranged from 0.92 to 0.96 (population 2); 0.98 to 0.98 (population 3) and 
0.96 to 0.99 (population 4) probability of discard. The best 15% of individuals with the smallest 
GEBVs for probability of discard were flagged as selections.  
Response to selection - Flood tolerance  
Probability of discard 
Response to selection was assessed by comparing each base population (control) to the tagged 
individuals for the various selection methods, when planted the subsequent season in a 5-
replication trial of 3-m long rows with RCB design. Analysis by each population independently 
indicated significant differences among methods of selection for flood tolerance based on the 
probability of discard in Population 1 (p<0.001). The highest probability of discard, namely 
poorest advancement decisions, was observed when MAS or random selection was conducted. 
Visualrow and GSrow were considered the best approach for Population 1, Population 2, 
Population 3 and Population 4.  
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When all four populations were included in the analysis, we observed significant difference in 
population (p<0.0001) as well as selection method effect (p<0.0001) on probability of discard. 
We observed that random selection (mean =0.8971) had the highest probability of discard, 
showing significant differences when contrasted to the base population (mean = 0.8752) 
(p<0.0009). On the other hand, Visualrow selections (mean = 0.6639) had the lowest probability 
of discard and was significantly different from the base population (mean = 0.8752) (p<0.0001). 
A similar trend was observed when GSrow (mean = 0.7695) was contrasted to the base population 
(mean = 0.8752) (p<0.0001). Likewise, Visualhill (mean = 0.8613) showed significant difference 
when contrasted to the base population (mean = 0.8752) (p=0.0531) (Table 1).  
Tolerance index 
When populations were analyzed independently, we found similar results to what were observed 
in probability of discard, where random and marker assisted selection were less effective on the 
identification of flood tolerant lines. In addition, when across population analysis for tolerance 
index were conducted, significant differences among methods of selection (p<0.0001) and 
populations (p<0.0001) were observed. Random Selection (mean = 0.45) had the lowest 
tolerance index and was significantly different from the base population (mean = 0.48, p<0.01). 
MAS (mean = 0.48), GShill (mean = 0.50) or Visualhill (mean = 0.49) \did not differ from the base 
population in terms of flood tolerance represented as tolerance index (Table 2). However, GSrow 
(mean = 0.56) and Visualrow (mean = 0.59) showed significant differences when compared to the 
base population (mean = 0.48, p<0.0001) (Table 2). 
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Response to selection – Seed yield under non-flooded conditions 
Yield in Kg ha-1 
Response to selection was assessed by comparing each base population to the tagged individuals 
for the various selection methods, when planted the subsequent season in a 1-replication trial of 
5-m long 2-row plots planted in RCB design at four locations. Overall, analysis of Population 1 
showed significant differences between the base population to the selections tagged by genomic 
selection and by marker assisted selection (p=0.0474 and p=0.0334, respectively), with GS and 
MAS selections lower yielding on average (3,473 kg ha-1 and 3,221 kg ha-1) than the base 
population (3,592 kg ha-1) (Supplementary Table 12).  
In Population 2, entries selected by random selection had average yield (4,260 kg ha-1) greater 
than the base population (4,144 kg ha-1, p= 0.0472) (Supplementary Table 14). In Population 3, 
we observed lower average yield for visual selection (3,408 kg ha-1) entries than those in the base 
population (p=0.0292) (Supplementary Table 16). For Population 4, in contrast, we did not find 
statistic differences between selection methods and base population (Supplementary Table 18). 
When conducting the analysis across population, significant differences were identified among 
populations for seed yield (p<0.001); however, we did not see significant selection method effect 
(p=0.68) for all the six methods and base population had a similar mean yield performance. 
Percentage of check mean 
Five commercial checks were planted each year, and yield was also assessed as percentage of the 
mean of commercial checks. Population 1 analysis showed borderline significant differences 
between GShill and base population (p=0.0559), and between MAS and the base population 
(p=0.0297), with both selection methods having lower percent check mean than the base 
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population (Supplementary Table 13). In population 2, 3 and 4 significant differences among 
methods were not observed.  
Across-population analysis indicated that the base population yielded 87% of the check mean, 
with the different selection methodologies ranging from 85 to 87% of the check mean. 
Significant differences were identified among populations (p<0.001), however we did not see 
significant method of selection effect (p=0.7521) for all the four methods and base population 
had a similar performance in terms of percent of check mean seed yield (Table 4). 
DISCUSSION 
Flood screening (visual) 
Soybean plants are susceptible to excessive water throughout their entire development. Excessive 
water before, at, or after germination causes severe seed and seedling damage, such as non-
germination, seed decay, seed substance leakage, and unhealthy seedling development, resulting 
in marked reduction of grain yield at maturity. Therefore, breeding varieties with strong flooding 
tolerance has been desired in countries with much rainfall at sowing time (Sayama, 2009). 
It can be difficult to maximize genetic gains using phenotypic selection. While phenotypic 
selection can be effective for traits with high heritability, selection for low heritability traits are 
often relegated to the later stages of a breeding cycle, particularly with inbred crops (Collard and 
Mackill, 2008). In this study, heritability of foliar damage score (FDS), ranged from 12 to 30% 
when assessed on the four different populations planted in hill plots, within the site year. We 
observed that there was an increase in heritability when flood screening was conducted in long 
rows experiment with 5 replications, where broad sense heritability ranged from 35% to 51%. A 
previous study with soybean flood tolerance conducted at the University of Arkansas showed 
low heritability of foliar damage score (FDS) H2=0.01 on one population, and a slightly better 
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heritability for another population (H2=0.37) (Hummer, 2018). The University of Missouri 
reported a broad sense heritability of H2= 0.50 on flooding injury score across three site years 
(Ye et al., 2017). Carlin et al. (2014) reported that heritability of injury score varied by site year 
and ranged from H2 = 0.098 to 0.525 within site-years and H2 = 0.289 across four site-years. 
Genomic selection 
The establishment of a training population set is a critical step toward the implementation of GS. 
In GS, a training population set (TRS) consisting of breeding lines phenotyped for target traits 
and genotyped with genome-wide markers is used to train a prediction model. Once is trained, 
this model is used to predict performance on a test set (TS) based solely on genotypic 
information by calculating GEBVs. In this scheme, the prediction accuracy is estimated as the 
correlation between the GEBVs and the estimated genetic values (Akdemir and Isidro-Sánchez, 
2019). Genomic selection is considered cost effective when prediction accuracy values are high 
enough (Combs and Bernardo, 2013). Low prediction accuracies were obtained for foliar damage 
score in this study, ranging from 0.10 to 0.20, likely because the dataset used in the training 
population was obtained from a hill-plot screening approach consisting of five plants and planted 
in three replications. Such experimental design had a high coefficient of variation (0.26).  
Many factors affecting variability in prediction accuracy values have been reported in plants, 
including prediction models, breeding schemes, training population size, the relationship 
between the training and the prediction populations, trait complexities, marker densities, and 
genotyping platforms (Jia and Jannink, 2012; Zhao et al., 2012; Crossa et al., 2013; Lian et al., 
2014; Spindel et al., 2015; Battenfield et al., 2016; Bernardo, 2016). 
The effectiveness of genomic selection in breeding programs depends on phenotypic quality; 
with that in mind, an improved training population set was developed in this study when 
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populations were screened in long rows flood experiment (first year of yield trials), because 
these trials had larger plot size and more replications. Furthermore, seed germination in long 
rows was not as affected as in hill plots. As a result, there was a steeper increase in prediction 
accuracy when the training population relied on long rows flood screening dataset. Prediction 
accuracy ranged from 0.1 to 0.6 when populations where analyzed separately, and 0.75 when 
populations were combined. We also observed that population size increased the prediction 
accuracy from 0.6 to 0.75. In a corn study, 22 bi-parental tropical maize populations were used to 
assess the effect of heritability (H2), training population size (TPS) and marker density (MD) on 
prediction accuracy estimation (rMG). Results showed that rMG value increase with an increase 
in H2, TPS, and MD (Zhang et al., 2017). Lorenzana and Bernardo (2009) assessed the accuracy 
of predictions for different numbers of markers and progenies. Predictions became more accurate 
as NP and NM increased, until sufficient genome coverage was reached. All these agrees with 
our own observations that larger population sizes of better phenotypic quality improved 
predictions. 
Response to selection 
Conventional breeding involves selection of lines over a number of generations to develop 
improved crop variety. This approach has several limitations as it requires long period to develop 
new crop varieties, it is based on visual selection (VS) which is less effective for complex and 
low heritable traits (Tuberosa, 2012). Conventional and marker-assisted breeding (MAB) are the 
two approaches used to accomplish plant breeding (Breseghello and Coelho, 2013). Marker-
assisted selection (MAS) and genomic selection (GS) were the two kind of MAB evaluated in 
this study. Genomic selection is commonly used for studies with complex trait and it is preferred 
over marker-assisted selection (Habier et al., 2007; Lorenz et al., 2011) because it includes all 
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molecular markers in the prediction model and because it considers the quantitative trait loci of 
both major and minor effects (Xu, 2003; Jannink et al., 2010; Poland and Rife, 2012; Smith et 
al., 2018).  
Our experiment is unique in that it uses the two kind of marker assisted breeding and the 
traditional flood screening approach (visual selection) plus random selection. The different 
methods of selection for soybean flood tolerance across the four populations showed that random 
selection had the poorest tolerance index and the highest probability of discard, this is because 
lines were selected based only on agronomic adaptation and not on flood tolerance. This is not 
surprising, as it was expected that random selection would have the poorest performance 
compared to the other methods since random selection was not conducted under flooding 
conditions. 
The University of Arkansas soybean breeding program has been selecting flood tolerant lines 
through flood screening (visual selection) for several years now. This method seems to work 
well, but it is time consuming, labor intensive and not cost effective. Although there are no 
studies that addressed the use of MAS and GS for soybean flood tolerance, a large number of GS 
studies have been reported in crop species such as maize (Albrecht et al. 2011; Bernardo 1996; 
Piepho 2009; Technow et al. 2013) and wheat (Heffner et al. 2011; Poland et al. 2012; Rutkoski 
et al. 2011) for various agronomic traits and disease resistance. Heffner et al. (2010) reported that 
GS provided threefold and twofold genetic gain per year compared to MAS for maize and winter 
wheat when costs were equivalent. 
Our analysis across all four populations showed lack of significance between Visualhill, MAS or 
GShill when in contrast with the base population (control) for tolerance index trait. These results 
suggest that phenotypic selections for flood tolerance earlier in a breeding program (progeny 
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rows) may not affect flood tolerance response later in yield trials, thus not justifying the effort 
and cost. We also found that when visual or genomic selection was conducted using data from 
longer rows, they outperformed the other four methods. This is because of lower phenotyping 
error in long rows experiment. The benefit of visual selection using long rows is that during this 
breeding stage we have enough seeds to increase the number of replications, besides that poor 
seed germination is less frequent due to the rating of seeds used during the planting season. 
Therefore, as we expand towards the implementation of GS in a breeding program it is a critical 
step the establishment of a strong training population set with phenotypic quality. The drawback 
of visual selection in long rows is the amount of investment and effort applied per plot. Once the 
UASBP training population for flood tolerance is established, we will be able to select flood 
tolerant lines before pulling single plants and planting them as progeny rows in the subsequent 
year, which means that we will save money that would be normally spent with field testing 
flood-susceptible lines.  
In our study, we also saw that the different methods of selection did not affect yield negatively, 
as methods did not differ from the base population. This suggests that any of these methods 
could be exploited in our breeding program without major yield penalty. Indeed, the University 
of Missouri reported (Chen, 2020, personal communication) two cycles of flood screening with 
significant yield improvement under flooding conditions for soybean lines S11-25108 (1,580 kg 
ha-1), S11-25615 (1,802 kg ha-1) versus a check AG4835 (786 kg ha-1), and S15-196125 (2,495 
kg ha-1), S15-19719 (2,400 kg ha-1) versus AG4835 (396 kg ha-1). However, the tolerant lines are 
not competitive to the best commercial check varieties under non-flooding conditions. Their next 
step was to incorporate new sources of flood tolerance identified into their breeding program in 
attempt to combine high yield potential with high levels of flood tolerance. 
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The UASBP has been identifying new sources of flood tolerance from diverse soybean 
germplasm and incorporating them into high yielding cultivars to develop new flood tolerant 
soybean varieties for the Arkansas Delta region. On an evaluation and development of flood 
tolerant soybean cultivars, the UASBP was able to develop five breeding lines with high-yielding 
and flood tolerant traits using consistently selection through conventional breeding approach. 
The lines developed had a flood score lower than 4, and average yield ranging from 3,332 kg ha-1 
to 3,756 kg ha-1 as compared to the check mean average of 3,756 kg ha-1. These lines and 
parentages are: R11-3598 (RA-452/Osage), R11-432G (RA-452/Osage), R11-3625 (RA-
452/Osage), R11-358G (RA-452/R01-581F), R13- 12695 (RA-452/91210-350). The UASBP is 
trying to optimize costs of selection through high throughput genotyping, we are currently 
implementing genomic selection in our program and strengthening our training populations to 
maximize genomic prediction accuracy.  
CONCLUSIONS 
 
Our study found that it is necessary to select early at PROW for flood tolerance, because 
selection for general agronomic adaptation at PROW without regard to flood tolerance resulted 
in small population sizes, that either due to drift or sampling effects, increased the chances of 
discarding lines due to lack of flood tolerance later in the breeding program. In addition, all four 
methodologies and base population had a similar performance in terms of mean yield. This 
suggests that breeders must focus on selecting for flood tolerance early in the breeding stages, 
without major risk of reducing yield potential. We also found that visual selection later in the 
breeding program, and genomic selection using a common training population from high-quality 
field phenotyping, were more efficient on the identification of flood tolerant lines. However, the 
genetic gain to be realized by executing genomic selection on single plants at the F3 generation 
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outweighs the simplicity of visual selection at first-year of yield trials; thus, genomic selection 
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TABLES AND FIGURES 
Table 1. Across population analysis for flood tolerance using Probability of Discard as response 
variable and Dunnett-Hsu test to compare different methods of selections with the original base 
population (control). 
Selection 
Methods† Control Estimate 
Standard 
Error DF t Value Pr > |t| Adj P 
Visualhill Base Population -0.12210 0.06313 3595 -1.93 0.0531 0.2739 
Visualrow Base Population -1.26710 0.06110 3595 -20.74 <.0001 <.0001 
GShill Base Population -0.07808 0.06351 3595 -1.23 0.219 0.7642 
GSrow Base Population -0.74230 0.05969 3595 -12.43 <.0001 <.0001 
MAS Base Population 0.01361 0.08253 3595 0.16 0.869 1.0000 
Random Base Population 0.21800 0.06552 3595 3.33 0.0009 0.0053 
†Selection methods are as follow: Visualhill consisted on visual selection for flood tolerance using 
hill plots planted at a single-location with three replications at progeny row stage; Visualrow 
consisted of visual selection for flood tolerance using 1.5-m long rows planted at a single 
location with five replications at first-year of yield trials stage; GShill consisted on genomic 
selection using a subset of polymorphic SNP markers (between 1.3K to 2.8K, depending on 
population) utilizing flood response training dataset collected at hill-plot screening stage; GSrow 
consisted on genomic selection using a subset of polymorphic SNP markers (between 1.3K to 
2.8K, depending on population) utilizing flood response training dataset collected at long rows 
screening stage; MAS consisted in selection of individuals carrying desired haplotype for flood 
tolerance QTL in Chromosome 3; Random selection consisted in selection of individuals under 
standard, non-flooded, agronomic conditions. Base population is observed response for the trait 










Table 2. Across population analysis for flood tolerance using Tolerance Index as response 
variable and Dunnett-Hsu test to compare different methods of selections with the original base 
population (control). 
Selection 
Methods† Control Estimate 
Standard 
Error DF t Value Pr > |t| Adj P 
Visualhill Base Population 0.03360 0.04565 3577 0.74 0.4617 0.9741 
Visualrow Base Population 0.44030 0.04619 3577 9.53 <.0001 <.0001 
GShill Base Population 0.07530 0.04616 3577 1.63 0.1029 0.471 
GSrow Base Population 0.32510 0.04595 3577 7.08 <.0001 <.0001 
MAS Base Population 0.01544 0.05725 3577 0.27 0.7875 0.9999 
Random Base Population -0.11910 0.04662 3577 -2.55 0.0107 0.0618 
†Selection methods are as follow: Visualhill consisted on visual selection for flood tolerance using 
hill plots planted at a single-location with three replications at progeny row stage; Visualrow 
consisted of visual selection for flood tolerance using 1.5-m long rows planted at a single 
location with five replications at first-year of yield trials stage; GShill consisted on genomic 
selection using a subset of polymorphic SNP markers (between 1.3K to 2.8K, depending on 
population) utilizing flood response training dataset collected at hill-plot screening stage; GSrow 
consisted on genomic selection using a subset of polymorphic SNP markers (between 1.3K to 
2.8K, depending on population) utilizing flood response training dataset collected at long rows 
screening stage; MAS consisted in selection of individuals carrying desired haplotype for flood 
tolerance QTL in Chromosome 3; Random selection consisted in selection of individuals under 
standard, non-flooded, agronomic conditions. Base population is observed response for the trait 











Table 3. Across population analysis for seed yield using (Kg ha-1) as response variable and 
Dunnett-Hsu test to compare different methods of selections with the original base population 
(control). 
Selection 
Methods† Control Estimate 
Standard 
Error DF t Value Pr > |t| Adj P 
Visualhill Base Population -35.7640 38.3902 2933 -0.93 0.3516 0.9221 
Visualrow Base Population 12.7172 38.4631 2933 0.33 0.7409 0.9997 
GShill Base Population 2.3389 48.9559 2933 0.05 0.9619 1.0000 
GSrow Base Population 17.8886 38.1753 2933 0.47 0.6394 0.9976 
MAS Base Population -60.0040 38.3177 2933 -1.57 0.1175 0.5201 
Random Base Population -16.1440 38.2458 2933 -0.42 0.673 0.9987 
†Selection methods are as follow: Visualhill consisted on visual selection for flood tolerance using 
hill plots planted at a single-location with three replications at progeny row stage; Visualrow 
consisted of visual selection for flood tolerance using 1.5-m long rows planted at a single 
location with five replications at first-year of yield trials stage; GShill consisted on genomic 
selection using a subset of polymorphic SNP markers (between 1.3K to 2.8K, depending on 
population) utilizing flood response training dataset collected at hill-plot screening stage; GSrow 
consisted on genomic selection using a subset of polymorphic SNP markers (between 1.3K to 
2.8K, depending on population) utilizing flood response training dataset collected at long rows 
screening stage; MAS consisted in selection of individuals carrying desired haplotype for flood 
tolerance QTL in Chromosome 3; Random selection consisted in selection of individuals under 
standard, non-flooded, agronomic conditions. Base population is observed response for the trait 









Table 4. Across population analysis of yield trials using percent of check mean seed yield as 
response variable and Dunnett-Hsu test to compare different methods of selections with the 
original base population (control). 
Method Estimate Standard Error DF t Value Pr > |t| 
Base Population 0.8656 0.01928 2933 44.89 <.0001 
GShill 0.8586 0.02071 2933 41.46 <.0001 
GSrow 0.8670 0.02072 2933 41.85 <.0001 
MAS 0.8654 0.02183 2933 39.64 <.0001 
Random 0.8696 0.02069 2933 42.03 <.0001 
Visualhill 0.8529 0.02071 2933 41.19 <.0001 
Visualrow 0.8602 0.02070 2933 41.56 <.0001 
†Selection methods are as follow: Base population is observed response for the trait of the 
complete, unselected, population; GShill consisted on genomic selection using a subset of 
polymorphic SNP markers (between 1.3K to 2.8K, depending on population) utilizing flood 
response training dataset collected at hill-plot screening stage; GSrow consisted on genomic 
selection using a subset of polymorphic SNP markers (between 1.3K to 2.8K, depending on 
population) utilizing flood response training dataset collected at long rows screening stage; MAS 
consisted in selection of individuals carrying desired haplotype for flood tolerance QTL in 
Chromosome 3; Random selection consisted in selection of individuals under standard, non-
flooded, agronomic conditions Visualhill consisted on visual selection for flood tolerance using 
hill plots planted at a single-location with three replications at progeny row stage; Visualrow 
consisted of visual selection for flood tolerance using 1.5-m long rows planted at a single 

























Figure 1. Diagram of the methodologies utilized for assessing effectiveness of different selection methodologies for soybean flood 
tolerance. 
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CHAPTER III - FIELD VALIDATION OF A NEW HYDROPONIC GREENHOUSE 













Waterlogging can be detrimental to soybean [Glycine max (L.) Merr.] growth and development, 
with effects ranging from chlorosis and stunting to yield loss and plant death. Screening for 
soybean response to flooding is typically done using field experiments, but are difficult to 
execute, time consuming, and can only be performed once per growing season. Greenhouse 
experiments utilizing a hydroponic system and O2 displacement are a possible alternative for 
flood screening, for they can control more variables than in field conditions, and multiple runs 
can be conducted per year. Therefore, the objective of this study was to field-validate a new 
hydroponic greenhouse screening methodology for soybean hypoxia tolerance. Seventeen 
soybean genotypes were screened for waterlogging tolerance in field conditions in Stuttgart, AR 
at the V2 stage by imposing a 10-cm water level flood for eight to ten days during 2017, 2018 
and 2019. In addition, the same genotypes were screened at V2 stage under a hydroponic system 
as reported by Harrison (2020). Samples from hydroponic and field were collected to detect 
Phytophthora spp. and P. sojae using molecular techniques. We did not amplify sequences 
belonging to Phytophthora under either condition. Also, we found that reaction of susceptible 
cultivars was consistent between hydroponic and field screenings. And that flood reaction at 
reproductive stages does not necessarily correspond to flood reaction at vegetative stages. 
Further studies utilizing quantitative scoring variables are necessary to be able to run correlations 






Soybean is considered particularly sensitive to waterlogging, which affects the seed quality and 
reduces the yield significantly, ranging from 17% to 46% at the vegetative growth stage and 50% 
to 56% at the reproductive stage (Linkemer et al., 1998). Linkemer et al. (1998) observed that 
fields under waterlogging conditions even for short periods as 2 days, reduced yields up to 27%. 
Yield losses due to waterlogging are caused by damage in roots, nutrient uptake reduction in 
nodulation, impaired photosynthesis, and plant death due to diseases (Oosterhuis et al., 1990).  
Phytophthora sojae is a soilborne oomycete pathogen that germinates under wet conditions 
causing seed rot or seedling damping-off of soybeans at early growth stages, is among the most 
destructive diseases that suppresses soybean yield in the United States (Allen et al., 2017).  
Disease symptoms include brown stem lesions that develop in the roots and gradually progress to 
the stems, followed by wilting, chlorosis, and plant death (Dorrance et al., 2008). Flooding may 
favor these pathogens because of the rhizosphere expansion. Exudates shows strongly ability to 
attract pathogens, including zoospores of Pythium and Phytophthora spp. (Morris and Ward, 
1992; Schmitthenner, 1985). It is unclear if flood damage to soybean is caused only by physical 
environment or if soilborne plant pathogens are also responsible for the damage that occurs when 
soybeans are flooded (Kirkpatrick et al., 2006). 
In order to identify flood tolerant crops, many studies have been carried out in the field (Wu et 
al., 2017), greenhouse, and laboratories (Carlin, 2014). The complexity and diversity of the trait 
has been a significant challenge for researchers in identifying flood-tolerant crops (Setter and 
Walter, 2003; Van Toai et al., 1994; Colmer and Voesenek, 2009), as seen in studies such as 
genetic makeup (Rhine, 2010), flood timing relative to the plant growth stage (Scott et al., 1990), 
duration of the stress (Van Toai et al., 1994) and soil type (Rhine et al., 2010). 
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The wide variety of factors affecting flood response under field screening, together with the 
labor and cost associated with setting up field trails, grant the need for the development of a 
high-throughput repeatable screening methodology under controlled environmental conditions 
(Harrison, 2020). Therefore, the objective of this experiment was to field-validate a new 
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MATERIALS AND METHODS 
Plant Materials  
A total of 17 soybean genotypes were screened for waterlogging tolerance at the V2 growth stage 
during the 2017, 2018 and 2019 growing seasons at the University of Arkansas Rice Research 
and Extension Center in Stuttgart (Table 1). The same number of genotypes were screened for 
flood tolerance in a greenhouse at the Rosen Pest Control Center in Fayetteville, Arkansas, at the 
V2 growth stage in 2019 and 2020 as reported by Harrison (2020).  
Hydroponic screening 
This experiment was performed in the Rosen Center at University of Arkansas, in 2019 as 
reported by Harrison (2020). The experiment was a randomized complete block design with 17 
genotypes and 3 replications. Briefly, 10 seeds per genotype were planted in a clay substrate, and 
maintained under 13 hours of light day-1 at 25 to 29 °C. The growing media present in each pot 
was secured with a mesh fabric and rubber bands, and submerged at a level that the lower portion 
of the plant stems got covered. After emergence, three seedlings per pot were maintained for 
further data collection. The hydroponic system used a pneumatic air pump to infuse ambient air 
into the nutrient solution. Hypoxic was induced by bubbling CO2 into the nutrient solution of 
each pot for 5 days continuously at a rate of 8 L min-1 system-1 when the crop reached V2 growth 
stage. Upon termination of gas treatment, entries were scored for hypoxia response 9 days after 
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culmination of gas treatment. Plant response was visually evaluated using a 0-9 scale, and 
analysis of variance (ANOVA) using a generalized linear mixed models (GLIMMIX) was 
conducted in SAS 14.2.  
Field screening 
The study was conducted at the University of Arkansas Rice Research and Extension Center in 
Stuttgart, Arkansas, in the 2017, 2018 and 2019 growing season. Soybeans were planted on 
raised beds at a seeding rate of 50 seeds per plot. Each plot was 1.5-m in length, and there was 
one row per plot. The experimental design was a randomized complete block (RCB) with one 
location, with three replications in 2017 and 2018, and five replications in 2019. Levees were 
constructed around each block for the flooding treatment. Flood water was maintained until 75% 
of plants showed symptoms of flooding. One week after the water drainage, visual waterlogging 
tolerance ratings were taken. The foliar damage scores (FDS) were based on a 0-9 scale, with 0 
being a lack of any damage and 9 being completely dead. Across-year analysis of foliar damage 
score proportions (FDS) was performed using SAS 14.2. A generalized linear mixed model 
(GLIMMIX) procedure with a multinomial distribution and cumulative logit link was used to 
calculate the proportion of times that each cultivar was rated at each discrete category bucket (0-
9). Genotypes were fixed, and year and replications-nested-within-years were random factors in 
the model. Contrasts were also built to compare the average FDS proportions amongst cultivars 
using Estimate statement within the GLIMMIX procedure. 
Molecular assessment of oomycete presence 
Soybean root samples were collected in the field based on their visual tolerance and 
susceptibility to flooding conditions. Samples were separated by identified zip-loc bags and 
stored in Styrofoam boxes with ice for transportation to the laboratory. The same samples were 
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harvested in the greenhouse. Roots were washed with tap water and blotted dry with paper 
towels. The air-dried roots were ground separately using a Hamilton Beach grinder. DNA was 
extracted following a modified CTAB (cetyltrimethylammonium bromide) method (Doyle and 
Doyle, 1990). A quantitative PCR assay was completed for detection of Phytopthora genus and 
P. sojae. The primers (PhyG_ATP9_2FTail, PhyG-R6_Tail, FMPI2b, and FMPI3b) and probes 
(Phytophthora genus-specific TaqMan,  P. sojae species-specific TaqMan, and Plant-IC) used in 
this research were obtained from Integrated DNA Technology, IDT (Coralville, IA). The qPCR 
assays were performed on a CFX96 Real-Time PCR Detection System (BioRad Laboratories, 
Hercules, CA) following the approach described by Rojas et al. (2017).  
RESULTS 
Field screening 
Analysis of variance for FDS indicated significant differences among cultivars (p=0.0061). Also, 
year covariance parameter was estimated at 10.07, and reps within years covariance parameter 
was 0.02. Analysis of variance for proportions for each genotype are reported in Table 2. We 
observed that genotype S99-2281 had the best tolerance to flood, as 54% of its ratings fell into 0-
3 visual scale and 45% of ratings were between 4-6. S12-1362 showed a moderate tolerance to 
flood, with 36% of scores in-between 4 and 6. In contrast, Walters, S11-25108, R09-4095, R10-
230 and R11-3283 were the most sensitive cultivars with over 50% of ratings ranging between 7-
9. 
Contrasts between genotypes for proportions of FDS ratings are presented in Supplementary 
Table 20. We observed that S12-1362 was significantly different in terms of tolerance to flood 
than R04-342, R06-4443, R09-4095, R06-4433, R07-6669, R10-230, R10-2379, R10-4892, R11-
3283, R11-6870, R13-12552, R99-1613F, S11-25108 (p=0.05). Significant differences were also 
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observed when S11-25615 (moderate tolerant cultivar) was contrasted with R09-4095, R04-342, 
R06-4433, R11-3283, and R99-1613F (susceptible cultivars). Similarly, S99-2281 showed 
statistical differences when compared with R09-4095, R04-342, R06-4433, R11-3283, R99-
1613F. UA5014C and Walters showed differences when contrasted with S12-1362 and S99-
2281. Finally, differences in FDS were observed between R09-4095 and R11-2915, and R11-
2915 versus R11-3283. 
Field validation of hydroponic system  
Figure 1 shows the proportion of FDS ratings that fall under the tolerant (FDS 0 to 3), moderate 
(4 to 6) and susceptible (FDS 7 to 9) per genotype for either field screening of hydroponic 
scoring. Because of the limitations of a categorical scale for FDS, correlations cannot be used for 
statistical analysis; therefore, field validity of greenhouse scoring is based on visual 
interpretation of the graph of proportions. From Figure 1 it could be inferred that R04-342, R06-
4433, R07-6669, R10-230, R10-2379, R99-1613F, S11-25108, S11-25615, UA5014C were 
susceptible to flood conditions in both field and hydroponic experiments, as a higher percentage 
of rantings were observed between FDS scores 7 to 9 in both types of screening.  
A contrasting performance between field and hydroponic methods was observed for R09-4095. 
This genotype showed a higher percentage of ratings falling into the susceptible category (7-9) 
for the experiments conducted in the field, however, the experiments conducted in the 
greenhouse under a hydroponic system indicated tolerance for the same genotype.  From Figure 
1 can also be identified that no soybean genotype showed consistently strong tolerance to flood. 
Molecular assessment of oomycete presence 
Primers specific for Phytopthora spp. and P. sojae detection were used to quantify the presence 
of such oomycetes in both field and greenhouse experiments during 2019. We did not amplify 
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any Phytopthora spp. or P. sojae from samples from either field or hydroponic screening 
(Supplementary Figure 16). However, it is noteworthy that screening for disease has been 
conducted only in a site year; further studies may be necessary to confirm this observation. 
DISCUSSION 
 
As mentioned in the previous chapter, screening for flood tolerance in the field can be very 
powerful, but it is also extremely laborious, time-consuming, and therefore, costly. The purpose 
of this study was to field validate the new hydroponic system recently developed in our breeding 
program (Harrison, 2020), and evaluate the conformance of the results with field observations. 
Multi-year analysis of field flood screening indicated tolerance for S99-2281 genotype. 
According to Shannon et al. (2009), S99-2281 belongs to an early group five maturity, this 
cultivar was developed at the University of Missouri-Delta Center in Portageville, Missouri, and 
it was released due to its excellent resistance to frogeye leaf spot, caused by Cercospora sojina 
K. Hara, and resistance to nematode. S99-2281 was tested in multiple environments in southeast 
Missouri, showing high yield potential. The S99-2281 tolerance to flood at vegetative stages 
observed in this study goes against to the results presented by Wu et al. (2017), where the mean 
average for flood tolerance at reproductive stages was 8.2, which put this genotype as a highly 
sensitive to flood at reproductive stage. Our results also showed a moderate tolerance for S12-
1362 with 36% of scores falling into 0-3 and another 36% falling into 4-6, agreeing with the 
results presented by Wu et al. (2017), indicating this genotype had flood tolerance in vegetative 
and reproductive stages.  
Despite the consistency of flood tolerance observed in Walters, S11-25108 and R10-230 for 
several years in different experiments conducted by Wu et al. (2017) during reproductive stages, 
our results from field screening showed flood sensitivity for these cultivars at vegetative stages. 
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All these results suggest that flood tolerance during reproductive stages may be mediated by 
different genetic responses than that of flood tolerance during vegetative stages.  
Reducing the period of time required to develop new commercial cultivars and increasing the 
efficiency of selection for flood tolerance is of considerable interest to plant breeders across 
soybean breeding programs. We believe that with a hydroponic system the UASPB will be able 
to screen soybean germplasm year-round quickly and consistently to identify soybeans with the 
flood tolerance trait in the early vegetative growth stages. Since field experiments are conducted 
in a natural environment, there is less control over field compared to greenhouse experiments. 
The high degree of experimental control, repeatability, and precision make the use of greenhouse 
experiments appealing (de Wit 1960; Harper 1983; Hairston 1989). Water-logged soil conditions 
and the resulting stress have been successfully replicated in the greenhouse (Bacanamwo and 
Purcell, 1999; Bennett and Albrecht, 1984; Board, 2008; Boru,Vantoai, et al., 2003; Linkemer, 
Board et al. 1998; Sallam and Scott, 1987b). According to Carlin (2014), screening soybean for 
waterlogging tolerance under flooded conditions with CO2 added to the flood water, produced 
visual symptoms that best represented the effect of waterlogging in the field environment with 
visual ratings strongly correlating (r=0.926) with ratings from the 2010 field screening. 
To test whether or not a hydroponic flood screening method generates values of similar 
magnitude to what is observed in field screening, we compared flood scores values in both 
greenhouse and field conditions. Our results were consistent between field and hydroponic for 
R06-4433, R10-2379, R99-1613F, UA5014C, S11-25615, R04-342, R07-6669, R10-230 and 
S11-25108, characterized as sensitive in both experiments.  
The use of a qualitative scale made it impossible to correlate responses between field and 
hydroponic experiments. Moreover, Harrison (2020) suggested that Normalized Difference 
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Vegetative Index (NDVI) was a better tool to separate reaction among genotypes. Therefore, it 
will be worthy to conduct future field screenings using NDVI to correlate field and hydroponic 
responses in a more documentable manner. 
CONCLUSIONS 
 
This is the first study of screening soybean for flood tolerance in the field versus in a hydroponic 
system developed in a greenhouse. Although validation of these preliminary results is 
needed, this study marks an important resource for improving the waterlogging tolerance of 
soybean. Screening for flood tolerance in a hydroponic system would allow us to control for 
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TABLES AND FIGURES 
Table 1. Summary table of genotypes evaluated in the field and previous tolerance or 
susceptibility designation from field screening. 
Name Pedigree or source Previous field screening reaction 
R10-230 5002T x R04-357 Flood tolerant at reproductive stage 
R10-4892 5002T x R01-3474F Flood tolerant at reproductive stage 
R13-12552 5002T x 91210-350 Flood tolerant at reproductive stage 
R07-6669 Lonoke x R00-33 Flood tolerant at reproductive stage 
R11-6870 5002T x R01-3474F Flood tolerant at reproductive stage 
Walters Forrest x Narow Flood tolerant at reproductive stage 
R04-342 R97-1650 x 98601 Flood tolerant at reproductive stage 
UA 5014C Ozark x Anand Flood sensitive at reproductive stage 
R06-4433 Lonoke x P9594 Flood sensitive at reproductive stage 
R99-1613F NKRA 452 x PI 290126B Flood sensitive at reproductive stage 
R11-3283 R01-52F x R02-6232F Flood sensitive at reproductive stage 
R10-2379 R01-52F x R02-6232F Flood sensitive at reproductive stage 
R11-2915 R01-52F x JTN 5303 Flood sensitive at reproductive stage 
R09-4095 S01-9265 x R00-1940 Flood sensitive at reproductive stage 
S11-25108 Missouri Flood tolerant at reproductive stage 
S12-1362 Missouri Flood tolerant at reproductive stage 
S11-25615 Missouri Flood tolerant at reproductive stage 





Table 2. Analysis of variance for proportion per category of FDS scores for each genotype under 
field screening for flood response at V2 stage. 
Response: score Genotype Proportion 
FDS:1 R04-342 0.00467 
FDS:2 R04-342 0.01578 
FDS:3 R04-342 0.02704 
FDS:4 R04-342 0.04547 
FDS:5 R04-342 0.15107 
FDS:6 R04-342 0.21503 
FDS:7 R04-342 0.25999 
FDS:8 R04-342 0.20007 
FDS:9 R04-342 0.08088 
FDS:1 R11-6870 0.01576 
FDS:2 R11-6870 0.05078 
FDS:3 R11-6870 0.07897 
FDS:4 R11-6870 0.11377 
FDS:5 R11-6870 0.26512 
FDS:6 R11-6870 0.21910 
FDS:7 R11-6870 0.15385 
FDS:8 R11-6870 0.07753 
FDS:9 R11-6870 0.02511 
FDS:1 R13-12552 0.01409 
FDS:2 R13-12552 0.04571 
FDS:3 R13-12552 0.07209 
FDS:4 R13-12552 0.10609 
FDS:5 R13-12552 0.25792 
FDS:6 R13-12552 0.22525 
FDS:7 R13-12552 0.16521 
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Response: score Genotype Proportion 
FDS:8 R13-12552 0.08558 
FDS:9 R13-12552 0.02806 
FDS:1 R99-1613F 0.00419 
FDS:2 R99-1613F 0.01419 
FDS:3 R99-1613F 0.02444 
FDS:4 R99-1613F 0.04139 
FDS:5 R99-1613F 0.14039 
FDS:6 R99-1613F 0.20770 
FDS:7 R99-1613F 0.26435 
FDS:8 R99-1613F 0.21404 
FDS:9 R99-1613F 0.08930 
FDS:1 S11-25108 0.01615 
FDS:2 S11-25108 0.05194 
FDS:3 S11-25108 0.08051 
FDS:4 S11-25108 0.11544 
FDS:5 S11-25108 0.26650 
FDS:6 S11-25108 0.21763 
FDS:7 S11-25108 0.15142 
FDS:8 S11-25108 0.07588 
FDS:9 S11-25108 0.02452 
FDS:1 S11-25615 0.02700 
FDS:2 S11-25615 0.08293 
FDS:3 S11-25615 0.11789 
FDS:4 S11-25615 0.14969 
FDS:5 S11-25615 0.27888 
FDS:6 S11-25615 0.17755 
FDS:7 S11-25615 0.10412 
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Response: score Genotype Proportion 
FDS:8 S11-25615 0.04728 
FDS:9 S11-25615 0.01465 
FDS:1 S12-1362 0.09367 
FDS:2 S12-1362 0.22141 
FDS:3 S12-1362 0.20847 
FDS:4 S12-1362 0.16958 
FDS:5 S12-1362 0.18363 
FDS:6 S12-1362 0.07248 
FDS:7 S12-1362 0.03333 
FDS:8 S12-1362 0.01344 
FDS:9 S12-1362 0.00398 
FDS:1 S99-2281 0.03461 
FDS:2 S99-2281 0.10300 
FDS:3 S99-2281 0.13836 
FDS:4 S99-2281 0.16333 
FDS:5 S99-2281 0.27234 
FDS:6 S99-2281 0.15481 
FDS:7 S99-2281 0.08493 
FDS:8 S99-2281 0.03724 
FDS:9 S99-2281 0.01138 
FDS:1 UA 5014C 0.00592 
FDS:2 UA 5014C 0.01992 
FDS:3 UA 5014C 0.03375 
FDS:4 UA 5014C 0.05566 
FDS:5 UA 5014C 0.17569 
FDS:6 UA 5014C 0.22799 
FDS:7 UA 5014C 0.24595 
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Response: score Genotype Proportion 
FDS:8 UA 5014C 0.17037 
FDS:9 UA 5014C 0.06474 
FDS:1 Walters 0.00710 
FDS:2 Walters 0.02375 
FDS:3 Walters 0.03981 
FDS:4 Walters 0.06450 
FDS:5 Walters 0.19473 
FDS:6 Walters 0.23423 
FDS:7 Walters 0.23193 
FDS:8 Walters 0.14940 
FDS:9 Walters 0.05455 
FDS:1 R06-4433 0.00518 
FDS:2 R06-4433 0.01748 
FDS:3 R06-4433 0.02982 
FDS:4 R06-4433 0.04973 
FDS:5 R06-4433 0.16175 
FDS:6 R06-4433 0.22132 
FDS:7 R06-4433 0.25453 
FDS:8 R06-4433 0.18680 
FDS:9 R06-4433 0.07339 
FDS:1 R07-6669 0.00822 
FDS:2 R07-6669 0.02736 
FDS:3 R07-6669 0.04541 
FDS:4 R07-6669 0.07237 
FDS:5 R07-6669 0.20993 
FDS:6 R07-6669 0.23671 
FDS:7 R07-6669 0.21897 
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Response: score Genotype Proportion 
FDS:8 R07-6669 0.13362 
FDS:9 R07-6669 0.04742 
FDS:1 R09-4095 0.00330 
FDS:2 R09-4095 0.01121 
FDS:3 R09-4095 0.01946 
FDS:4 R09-4095 0.03344 
FDS:5 R09-4095 0.11804 
FDS:6 R09-4095 0.18897 
FDS:7 R09-4095 0.26908 
FDS:8 R09-4095 0.24558 
FDS:9 R09-4095 0.11093 
FDS:1 R10-230 0.00864 
FDS:2 R10-230 0.02869 
FDS:3 R10-230 0.04744 
FDS:4 R10-230 0.07516 
FDS:5 R10-230 0.21494 
FDS:6 R10-230 0.23701 
FDS:7 R10-230 0.21435 
FDS:8 R10-230 0.12855 
FDS:9 R10-230 0.04522 
FDS:1 R10-2379 0.00903 
FDS:2 R10-2379 0.02995 
FDS:3 R10-2379 0.04935 
FDS:4 R10-2379 0.07775 
FDS:5 R10-2379 0.21942 
FDS:6 R10-2379 0.23703 
FDS:7 R10-2379 0.21007 
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Response: score Genotype Proportion 
FDS:8 R10-2379 0.12408 
FDS:9 R10-2379 0.04332 
FDS:1 R10-4892 0.01466 
FDS:2 R10-4892 0.04744 
FDS:3 R10-4892 0.07446 
FDS:4 R10-4892 0.10877 
FDS:5 R10-4892 0.26059 
FDS:6 R10-4892 0.22322 
FDS:7 R10-4892 0.16120 
FDS:8 R10-4892 0.08268 
FDS:9 R10-4892 0.02699 
FDS:1 R11-2915 0.02364 
FDS:2 R11-2915 0.07364 
FDS:3 R11-2915 0.10744 
FDS:4 R11-2915 0.14131 
FDS:5 R11-2915 0.27897 
FDS:6 R11-2915 0.18918 
FDS:7 R11-2915 0.11547 
FDS:8 R11-2915 0.05359 
FDS:9 R11-2915 0.01676 
FDS:1 R11-3283 0.00360 
FDS:2 R11-3283 0.01222 
FDS:3 R11-3283 0.02115 
FDS:4 R11-3283 0.03617 
FDS:5 R11-3283 0.12593 
FDS:6 R11-3283 0.19612 
FDS:7 R11-3283 0.26818 
 
75 
Response: score Genotype Proportion 
FDS:8 R11-3283 0.23407 















Figure 1. Percent of ratings in each FDS category for field and hydroponic (GH-DAF9). Field 
ratings: R04-342 (susceptible), R06-4433 (susceptible), R07-6669 (susceptible), R09-
4095(susceptible), R10-230 (susceptible), R10-2379 (susceptible), R10-4892 (moderate 
tolerant), R11-2915 (moderate tolerant), R11-3283 (susceptible), R11-6870 (susceptible), R99-
1613F (susceptible), S11-25108 (susceptible), S11-25615 (susceptible), S12-1362 (tolerant), 
S99-2281 (tolerant), UA5014C (susceptible), Walters (susceptible). Hydroponic ratings were 
consistent with field except for: R09-4095 (tolerant), R10-4892 (susceptible), R11-2915 
(susceptible), S12-1362 (susceptible), S99-2281 (susceptible).Bars group tolerant (FDS=0-3), 











Flooding of fields due to high and continuous precipitation is one of the major abiotic constraints 
severely affecting soybean production. There are different plant breeding techniques that might 
contribute for the development of flood tolerant cultivars. Fortunately, in recent years, new tools 
and approaches such as marker assisted selection and genomic selection have been designed to 
partially overcome the main limitations of genotype selection through phenotypic 
characterization. Therefore, this thesis aimed to assess the effectiveness of different methods of 
selections for flood tolerance and yield, as well as to identify if selections could be conducted 
earlier in the breeding program, hence avoiding a possible loss of key genotypes common 
observed in delayed selections. Findings from this research confirmed that it is necessary to 
select early at PROW for flood tolerance, because selections based only on agronomic adaptation 
(random selection) increased the chance of discarding lines due to lack of flood tolerance at 
advanced breeding stages. In addition, we also found that the different methods of selection and 
base population (control) had similar performance in terms of mean yield, suggesting that 
breeders will not penalize yield by selecting for flood tolerance earlier in a breeding program.  
The purpose of the second part of this research was to field-validate the new hydroponic 
greenhouse screening methodology for soybean flood tolerance by assessing the conformance of 
the results with field observations. The preliminary results of this study revealed consistency of 








































Supplementary Table 1. Identification of four soybean populations screened for flood tolerance 
in this research. Populations 1 and 2 were first screened in 2018 as hill-plots experiment in 
Rohwer, AR, and in 2019 as long rows experiments in Stuttgart, AR. Populations 3 and 4 were 
first screened in 2019 as hill-plots experiment in Rohwer, AR, and in 2020 as long rows 
experiments in Stuttgart, AR. 
Source Population Envelopes Pedigree Parental Reaction 
17EG4-269 Population 1 126 N94-
7440/UARK5896 
Flood tolerant x Flood 
tolerant 
17EG4-272 Population 2 157 R10-4892/UA5014C Flood tolerant x Flood 
sensitive 
17EG4-234 Population 3 53 R10-4892/91210-350 Flood tolerant x Flood 
moderate tolerant 















Supplementary Table 2. Markers identified on chromosome 3 that confers soybean flood 
tolerance provided by the Molecular Genetics and Soybean Genomics Department from the 
University of Missouri. 























































Supplementary Table 3. Visual selection analysis of genotypes per population from an 
experiment conducted as hill-plot. Type III tests of fixed effects. 
Source Num DF Ŧ Den DF F Value Pr > F 
  Population 1  
Rep 2 250 8045.99 <.0001 
Genotype 125 250 309.67 <.0001  
Population 2  
Rep 2 312 8886.25 <.0001 
Genotype 156 312 589.94 <.0001  
Population 3 
Rep 4 208 121.5 <.0001 
Genotype 52 208 35.95 <.0001  
Population 4 
Rep 4 216 Infty <.0001 
Genotype 54 216 Infty <.0001 
Ŧ



















Supplementary Table 4. Population 1 analysis for flood tolerance using probability of discard 
as response variable and Dunnett-Hsu test to compare different methods of selections with the 
original base population (control). 
Method Control Estimate 
Standard 
Error DF t Value Pr > |t| Adj P 
GS_Hill BP -0.2356 0.1067 1104 -2.2100 0.0274 0.1520 
GS_LR BP -1.3009 0.1140 1104 -11.4200 <.0001 <.0001 
MAS BP 0.3812 0.3329 1104 1.1500 0.2524 0.8202 
Random BP 0.5151 0.1171 1104 4.4000 <.0001 <.0001 
Visual_Hill BP -0.1471 0.1073 1104 -1.3700 0.1705 0.6676 


















Supplementary Table 5. Population 1 analysis for flood tolerance using tolerance index as 
response variable and Dunnett-Hsu test to compare different methods of selections with the 
original base population (control). 
Method Control  Estimate 
Standard 
Error DF t Value Pr > |t| Adj P 
GS_Hill BP 0.0602 0.1122 961 0.5400 0.5916 0.9950 
GS_LR BP 0.2394 0.1203 961 1.9900 0.0468 0.2459 
MAS BP 0.2737 0.3804 961 0.7200 0.4720 0.9769 
Random BP -0.1100 0.1101 961 -1.0000 0.3183 0.8949 
Visual_Hill BP 0.0572 0.1121 961 0.5100 0.6099 0.9962 


















Supplementary Table 6. Population 2 analysis for flood tolerance using tolerance index as 
response variable and Dunnett-Hsu test to compare different methods of selections with the 
original base population (control). 
Method Control Estimate 
Standard 
Error DF t Value Pr > |t| Adj P 
GS_Hill BP 0.0197 0.0704 1338 0.2800 0.7797 0.9999 
GS_LR BP 0.0937 0.0704 1338 1.3300 0.1838 0.6968 
MAS BP 0.0058 0.0711 1338 0.0800 0.9349 1.0000 
Random BP -0.0280 0.0713 1338 -0.3900 0.6951 0.9991 
Visual_Hill BP 0.0202 0.0705 1338 0.2900 0.7740 0.9999 


















Supplementary Table 7. Population 2 analysis for flood tolerance using probability of discard 
as response variable and Dunnett-Hsu test to compare different methods of selections with the 
original base population (control). 
Method Control Estimate Standard Error DF t Value Pr > |t| Adj P 
GS_Hill BP -0.1863 0.1973 1494 -0.9400 0.3450 0.9104 
GS_LR BP -1.1815 0.1448 1494 -8.1600 <.0001 <.0001 
MAS BP -0.1828 0.1975 1494 -0.9300 0.3549 0.9180 
Random BP 0.9373 0.3141 1494 2.9800 0.0029 0.0170 
Visual_Hill BP -0.5457 0.1740 1494 -3.1400 0.0017 0.0103 



















Supplementary Table 8. Population 3 analysis for flood tolerance using tolerance index as 
response variable and Dunnett-Hsu test to compare different methods of selections with the 
original base population (control). 
Method Control Estimate 
Standard 
Error DF t Value Pr > |t| Adj P 
GS_Hill BP 0.0409 0.0994 412 0.4100 0.6811 0.9989 
GS_LR BP 0.0783 0.0987 412 0.7900 0.4279 0.9627 
MAS BP -0.0946 0.2019 412 -0.4700 0.6398 0.9976 
Random BP 0.0533 0.0996 412 0.5300 0.5930 0.9951 
Visual_Hill BP -0.0241 0.1017 412 -0.2400 0.8127 1.0000 


















Supplementary Table 9. Population 3 analysis for flood tolerance using probability of discard 
as response variable and Dunnett-Hsu test to compare different methods of selections with the 
original base population (control). 
Method Control Estimate 
Standard 
Error DF t Value Pr > |t| Adj P 
GS_Hill BP -0.7297 0.2974 464 -2.4500 0.0145 0.0819 
GS_LR BP -1.1447 0.2626 464 -4.3600 <.0001 <.0001 
MAS BP 1.7319 1.6676 464 1.0400 0.2995 0.8703 
Random BP -0.0853 0.3752 464 -0.2300 0.8202 1.0000 
Visual_Hill BP 1.7319 0.8426 464 2.0600 0.0404 0.2118 


















Supplementary Table 10. Population 4 analysis for flood tolerance using tolerance index as 
response variable and Dunnett-Hsu test to compare different methods of selections with the 
original base population (control). 
Method Control Estimate 
Standard 
Error DF t Value Pr > |t| Adj P 
GS_Hill BP 0.0409 0.0994 412 0.4100 0.6811 0.9989 
GS_LR BP 0.0783 0.0987 412 0.7900 0.4279 0.9627 
MAS BP -0.0946 0.2019 412 -0.4700 0.6398 0.9976 
Random BP 0.0533 0.0996 412 0.5300 0.5930 0.9951 
Visual_Hill BP -0.0241 0.1017 412 -0.2400 0.8127 1.0000 


















Supplementary Table 11. Population 4 analysis for flood tolerance using probability of discard 
as response variable and Dunnett-Hsu test to compare different methods of selections with the 
original base population (control). 
Method Control Estimate 
Standard 
Error DF t Value Pr > |t| Adj P 
GS_Hill BP -0.7297 0.2974 464 -2.4500 0.0145 0.0819 
GS_LR BP -1.1447 0.2626 464 -4.3600 <.0001 <.0001 
MAS BP 1.7319 1.6676 464 1.0400 0.2995 0.8703 
Random BP -0.0853 0.3752 464 -0.2300 0.8202 1.0000 
Visual_Hill BP 1.7319 0.8426 464 2.0600 0.0404 0.2118 


















Supplementary Table 12. Population 1 analysis for seed yield using (Kg ha-1) as response 
variable and Dunnett-Hsu test to compare different methods of selections with the original base 
population (control). 
Method Control Estimate 
Standard 
Error DF t Value Pr > |t| Adj P 
GS_Hill BP -118.9300 59.9082 909 -1.9900 0.0474 0.2494 
GS_LR BP 108.3900 59.9082 909 1.8100 0.0707 0.3511 
MAS BP -370.7700 174.0200 909 -2.1300 0.0334 0.1820 
Random BP -13.9880 59.9082 909 -0.2300 0.8154 1.0000 
Visual_Hill BP -56.1077 59.9082 909 -0.9400 0.3492 0.9207 



















Supplementary Table 13. Population 1 analysis for seed yield using check mean yield as 
response variable and Dunnett-Hsu test to compare different methods of selections with the 
original base population (control). 
Method Control Estimate 
Standard 
Error DF t Value Pr > |t| Adj P 
GS_Hill BP -0.0261 0.0136 909 -1.9100 0.0559 0.2879 
GS_LR BP 0.0237 0.0136 909 1.7400 0.0820 0.3961 
MAS BP -0.0863 0.0396 909 -2.1800 0.0297 0.1635 
Random BP -0.0039 0.0136 909 -0.2900 0.7744 0.9999 
Visual_Hill BP -0.0129 0.0136 909 -0.9400 0.3452 0.9177 


















Supplementary Table 14. Population 2 analysis for seed yield using (Kg ha-1) as response 
variable and Dunnett-Hsu test to compare different methods of selections with the original base 
population (control). 
Method Control Estimate Standard Error DF t Value Pr > |t| Adj P 
GS_Hill BP 62.3282 59.4760 1186 1.0500 0.2949 0.8710 
GS_LR BP 12.1490 59.7631 1186 0.2000 0.8389 1.0000 
MAS BP 7.6265 59.7628 1186 0.1300 0.8985 1.0000 
Random BP 116.4800 58.6466 1186 1.9900 0.0472 0.2475 
Visual_Hill BP -61.1538 59.1920 1186 -1.0300 0.3017 0.8783 



















Supplementary Table 15. Population 2 analysis for seed yield using check mean yield as 
response variable and Dunnett-Hsu test to compare different methods of selections with the 
original base population (control). 
Method Estimate Standard Error DF t Value Pr > |t| 
BP 0.9712 0.0113 1186 85.6100 <.0001 
GS_Hill 0.9878 0.0167 1186 59.2100 <.0001 
GS_LR 0.9746 0.0167 1186 58.2200 <.0001 
MAS 0.9728 0.0167 1186 58.1200 <.0001 
Random 1.0001 0.0165 1186 60.5600 <.0001 
Visual_Hill 0.9580 0.0166 1186 57.6300 <.0001 


















Supplementary Table 16. Population 3 analysis for seed yield using (Kg ha-1) as response 
variable and Dunnett-Hsu test to compare different methods of selections with the original base 
population (control). 
Method Control Estimate 
Standard 
Error DF t Value Pr > |t| Adj P 
GS_Hill BP -14.8766 83.1126 394 -0.1800 0.8580 1.0000 
GS_LR BP -72.0601 83.1126 394 -0.8700 0.3865 0.9438 
MAS BP 204.0400 158.6100 394 1.2900 0.1990 0.7285 
Random BP -125.5400 83.1126 394 -1.5100 0.1317 0.5637 
Visual_Hill BP -181.8600 83.1126 394 -2.1900 0.0292 0.1609 


















Supplementary Table 17. Population 3 analysis for seed yield using check mean yield as 
response variable and Dunnett-Hsu test to compare different methods of selections with the 
original base population (control). 
Method Estimate Standard Error DF t Value Pr > |t| 
BP 0.8454 0.02966 394 28.5 <.0001 
GS_Hill 0.8379 0.03401 394 24.63 <.0001 
GS_LR 0.822 0.03401 394 24.17 <.0001 
MAS 0.8894 0.04603 394 19.32 <.0001 
Random 0.8157 0.03401 394 23.98 <.0001 
Visual_Hill 0.8059 0.03401 394 23.69 <.0001 


















Supplementary Table 18. Population 4 analysis for seed yield using (Kg ha-1) as response 
variable and Dunnett-Hsu test to compare different methods of selections with the original base 
population (control). 
Method Control Estimate 
Standard 
Error DF t Value Pr > |t| Adj P 
GS_Hill BP -110.3500 87.0771 418 -1.2700 0.2058 0.7400 
GS_LR BP -123.6800 87.0771 418 -1.4200 0.1562 0.6295 
MAS BP 43.5859 87.0771 418 0.5000 0.6170 0.9966 
Random BP -81.9423 87.0771 418 -0.9400 0.3472 0.9181 
Visual_Hill  BP 47.9034 87.0771 418 0.5500 0.5825 0.9942 


















Supplementary Table 19. Population 4 analysis for seed yield using check mean yield as 
response variable and Dunnett-Hsu test to compare different methods of selections with the 
original base population (control). 
Method Estimate Standard Error DF t Value Pr > |t| 
BP 0.8208 0.0204 418 40.3100 <.0001 
GS_Hill 0.7968 0.0270 418 29.5500 <.0001 
GS_LR 0.7905 0.0270 418 29.3200 <.0001 
MAS 0.8306 0.0270 418 30.8100 <.0001 
Random 0.8009 0.0270 418 29.7000 <.0001 
Visual_Hill 0.8364 0.0270 418 31.0200 <.0001 


















Supplementary Table 20. Contrast analysis of cultivars screened for flood tolerance in 
Stuttgart, Arkansas. 
Effect Label NumDF DenDF FValue ProbF 
Cultivar R04-342 vs "R06-4433" 1 164 0.01 0.9058 
Cultivar R04-342 vs "R07-6669" 1 164 0.43 0.5148 
Cultivar R04-342 vs "R09-4095" 1 164 0.16 0.6928 
Cultivar R04-342 vs "R10-230" 1 164 0.53 0.4666 
Cultivar R04-342 vs "R10-2379" 1 164 0.61 0.4343 
Cultivar R04-342 vs "R10-4892" 1 164 1.8 0.1815 
Cultivar R04-342 vs "R11-2915" 1 164 3.83 0.052 
Cultivar R04-342 vs "R11-3283" 1 164 0.09 0.7664 
Cultivar R04-342 vs "R11-6870" 1 164 1.95 0.1643 
Cultivar R04-342 vs "R13-12552" 1 164 1.69 0.1953 
Cultivar R04-342 vs "R99-1613F" 1 164 0.02 0.9013 
Cultivar R04-342 vs "S11-25108" 1 164 2.14 0.1458 
Cultivar R04-342 vs "S11-25615" 1 164 4.49 0.0356 
Cultivar R04-342 vs "S12-1362" 1 164 13.01 0.0004 
Cultivar R04-342 vs "S99-2281" 1 164 5.85 0.0166 
Cultivar R04-342 vs "UA 5014C" 1 164 0.08 0.7842 
Cultivar R04-342 vs "Walters" 1 164 0.24 0.6218 
      
Cultivar R06-4433 vs "R07-6669" 1 164 0.29 0.5931 
Cultivar R06-4433 vs "R09-4095" 1 164 0.27 0.6054 
Cultivar R06-4433 vs "R10-230" 1 164 0.37 0.543 
Cultivar R06-4433 vs "R10-2379" 1 164 0.44 0.5077 
Cultivar R06-4433 vs "R10-4892" 1 164 1.51 0.2214 
Cultivar R06-4433 vs "R11-2915" 1 164 3.4 0.0668 
Cultivar R06-4433 vs "R11-3283" 1 164 0.18 0.6754 
Cultivar R06-4433 vs "R11-6870" 1 164 1.65 0.2005 
Cultivar R06-4433 vs "R13-12552" 1 164 1.4 0.2377 
Cultivar R06-4433 vs "R99-1613F" 1 164 0.06 0.8059 
Cultivar R06-4433 vs "S11-25108" 1 164 1.82 0.1797 
Cultivar R06-4433 vs "S11-25615" 1 164 4.03 0.0463 
Cultivar R06-4433 vs "S12-1362" 1 164 12.31 0.0006 
Cultivar R06-4433 vs "S99-2281" 1 164 5.34 0.0221 
Cultivar R06-4433 vs "UA 5014C" 1 164 0.02 0.8771 
Cultivar R06-4433 vs "Walters" 1 164 0.14 0.7094 
      
Cultivar R07-6669 vs "R09-4095" 1 164 1.14 0.2879 
Cultivar R07-6669 vs "R10-230" 1 164 0 0.9519 
Cultivar R07-6669 vs "R10-2379" 1 164 0.01 0.9083 
 
99 
Cultivar R07-6669 vs "R10-4892" 1 164 0.49 0.4841 
Cultivar R07-6669 vs "R11-2915" 1 164 1.75 0.1878 
Cultivar R07-6669 vs "R11-3283" 1 164 0.94 0.3339 
Cultivar R07-6669 vs "R11-6870" 1 164 0.6 0.4403 
Cultivar R07-6669 vs "R13-12552" 1 164 0.43 0.5131 
Cultivar R07-6669 vs "R99-1613F" 1 164 0.64 0.4265 
Cultivar R07-6669 vs "S11-25108" 1 164 0.67 0.4128 
Cultivar R07-6669 vs "S11-25615" 1 164 2.22 0.138 
Cultivar R07-6669 vs "S12-1362" 1 164 9.29 0.0027 
Cultivar R07-6669 vs "S99-2281" 1 164 3.25 0.0732 
Cultivar R07-6669 vs "UA 5014C" 1 164 0.15 0.6993 
Cultivar R07-6669 vs "Walters" 1 164 0.03 0.8591 
      
Cultivar R09-4095 vs "R10-230" 1 164 1.34 0.249 
Cultivar R09-4095 vs "R10-2379" 1 164 1.47 0.2273 
Cultivar R09-4095 vs "R10-4892" 1 164 3.13 0.0789 
Cultivar R09-4095 vs "R11-2915" 1 164 5.77 0.0174 
Cultivar R09-4095 vs "R11-3283" 1 164 0.01 0.9192 
Cultivar R09-4095 vs "R11-6870" 1 164 3.29 0.0714 
Cultivar R09-4095 vs "R13-12552" 1 164 2.99 0.0856 
Cultivar R09-4095 vs "R99-1613F" 1 164 0.08 0.7795 
Cultivar R09-4095 vs "S11-25108" 1 164 3.56 0.061 
Cultivar R09-4095 vs "S11-25615" 1 164 6.58 0.0112 
Cultivar R09-4095 vs "S12-1362" 1 164 16.42 <.0001 
Cultivar R09-4095 vs "S99-2281" 1 164 8.22 0.0047 
Cultivar R09-4095 vs "UA 5014C" 1 164 0.47 0.4952 
Cultivar R09-4095 vs "Walters" 1 164 0.84 0.361 
      
Cultivar R10-230 vs "R10-2379" 1 164 0 0.9549 
Cultivar R10-230 vs "R10-4892" 1 164 0.44 0.5093 
Cultivar R10-230 vs "R11-2915" 1 164 1.7 0.1946 
Cultivar R10-230 vs "R11-3283" 1 164 1.12 0.2919 
Cultivar R10-230 vs "R11-6870" 1 164 0.54 0.4636 
Cultivar R10-230 vs "R13-12552" 1 164 0.38 0.5399 
Cultivar R10-230 vs "R99-1613F" 1 164 0.78 0.3795 
Cultivar R10-230 vs "S11-25108" 1 164 0.62 0.4338 
Cultivar R10-230 vs "S11-25615" 1 164 2.18 0.1419 
Cultivar R10-230 vs "S12-1362" 1 164 9.5 0.0024 
Cultivar R10-230 vs "S99-2281" 1 164 3.24 0.0739 
Cultivar R10-230 vs "UA 5014C" 1 164 0.21 0.6471 
Cultivar R10-230 vs "Walters" 1 164 0.06 0.8066 
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Cultivar R10-2379 vs "R10-4892" 1 164 0.37 0.545 
Cultivar R10-2379 vs "R11-2915" 1 164 1.56 0.2141 
Cultivar R10-2379 vs "R11-3283" 1 164 1.24 0.2674 
Cultivar R10-2379 vs "R11-6870" 1 164 0.46 0.4967 
Cultivar R10-2379 vs "R13-12552" 1 164 0.31 0.5768 
Cultivar R10-2379 vs "R99-1613F" 1 164 0.88 0.3501 
Cultivar R10-2379 vs "S11-25108" 1 164 0.53 0.4664 
Cultivar R10-2379 vs "S11-25615" 1 164 2.02 0.1572 
Cultivar R10-2379 vs "S12-1362" 1 164 9.19 0.0028 
Cultivar R10-2379 vs "S99-2281" 1 164 3.04 0.0829 
Cultivar R10-2379 vs "UA 5014C" 1 164 0.26 0.608 
Cultivar R10-2379 vs "Walters" 1 164 0.09 0.7632 
      
Cultivar R10-4892 vs "R11-2915" 1 164 0.38 0.5397 
Cultivar R10-4892 vs "R11-3283" 1 164 2.8 0.096 
Cultivar R10-4892 vs "R11-6870" 1 164 0.01 0.9297 
Cultivar R10-4892 vs "R13-12552" 1 164 0 0.9609 
Cultivar R10-4892 vs "R99-1613F" 1 164 2.27 0.1339 
Cultivar R10-4892 vs "S11-25108" 1 164 0.01 0.9039 
Cultivar R10-4892 vs "S11-25615" 1 164 0.62 0.4326 
Cultivar R10-4892 vs "S12-1362" 1 164 5.77 0.0174 
Cultivar R10-4892 vs "S99-2281" 1 164 1.23 0.2691 
Cultivar R10-4892 vs "UA 5014C" 1 164 1.19 0.2773 
Cultivar R10-4892 vs "Walters" 1 164 0.81 0.3705 
      
Cultivar R11-2915 vs "R11-3283" 1 164 5.33 0.0222 
Cultivar R11-2915 vs "R11-6870" 1 164 0.26 0.6122 
Cultivar R11-2915 vs "R13-12552" 1 164 0.45 0.5056 
Cultivar R11-2915 vs "R99-1613F" 1 164 4.6 0.0335 
Cultivar R11-2915 vs "S11-25108" 1 164 0.24 0.624 
Cultivar R11-2915 vs "S11-25615" 1 164 0.03 0.8588 
Cultivar R11-2915 vs "S12-1362" 1 164 3.49 0.0634 
Cultivar R11-2915 vs "S99-2281" 1 164 0.26 0.6087 
Cultivar R11-2915 vs "UA 5014C" 1 164 2.95 0.0878 
Cultivar R11-2915 vs "Walters" 1 164 2.37 0.1256 
      
Cultivar R11-3283 vs "R11-6870" 1 164 2.97 0.0869 
Cultivar R11-3283 vs "R13-12552" 1 164 2.67 0.1041 
Cultivar R11-3283 vs "R99-1613F" 1 164 0.03 0.8581 
Cultivar R11-3283 vs "S11-25108" 1 164 3.21 0.0749 
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Cultivar R11-3283 vs "S11-25615" 1 164 6.12 0.0144 
Cultivar R11-3283 vs "S12-1362" 1 164 15.78 0.0001 
Cultivar R11-3283 vs "S99-2281" 1 164 7.71 0.0061 
Cultivar R11-3283 vs "UA 5014C" 1 164 0.34 0.5598 
Cultivar R11-3283 vs "Walters" 1 164 0.67 0.4158 
      
Cultivar R11-6870 vs "R13-12552" 1 164 0.02 0.8914 
Cultivar R11-6870 vs "R99-1613F" 1 164 2.43 0.121 
Cultivar R11-6870 vs "S11-25108" 1 164 0 0.9765 
Cultivar R11-6870 vs "S11-25615" 1 164 0.46 0.5001 
Cultivar R11-6870 vs "S12-1362" 1 164 5.08 0.0255 
Cultivar R11-6870 vs "S99-2281" 1 164 0.98 0.3236 
Cultivar R11-6870 vs "UA 5014C" 1 164 1.33 0.2507 
Cultivar R11-6870 vs "Walters" 1 164 0.93 0.3359 
      
Cultivar R13-12552 vs "R99-1613F" 1 164 2.15 0.1447 
Cultivar R13-12552 vs "S11-25108" 1 164 0.03 0.8649 
Cultivar R13-12552 vs "S11-25615" 1 164 0.71 0.4022 
Cultivar R13-12552 vs "S12-1362" 1 164 6.04 0.0151 
Cultivar R13-12552 vs "S99-2281" 1 164 1.35 0.2466 
Cultivar R13-12552 vs "UA 5014C" 1 164 1.1 0.2962 
Cultivar R13-12552 vs "Walters" 1 164 0.73 0.3953 
      
Cultivar R99-1613F vs "S11-25108" 1 164 2.64 0.1059 
Cultivar R99-1613F vs "S11-25615" 1 164 5.34 0.0221 
Cultivar R99-1613F vs "S12-1362" 1 164 14.66 0.0002 
Cultivar R99-1613F vs "S99-2281" 1 164 6.85 0.0097 
Cultivar R99-1613F vs "UA 5014C" 1 164 0.17 0.683 
Cultivar R99-1613F vs "Walters" 1 164 0.41 0.5241 
      
Cultivar S11-25108 vs "S11-25615" 1 164 0.44 0.5078 
Cultivar S11-25108 vs "S12-1362" 1 164 5.23 0.0235 
Cultivar S11-25108 vs "S99-2281" 1 164 0.97 0.3251 
Cultivar S11-25108 vs "UA 5014C" 1 164 1.46 0.2284 
Cultivar S11-25108 vs "Walters" 1 164 1.04 0.309 
      
Cultivar S11-25615 vs "S12-1362" 1 164 2.88 0.0915 
Cultivar S11-25615 vs "S99-2281" 1 164 0.11 0.7379 
Cultivar S11-25615 vs "UA 5014C" 1 164 3.55 0.0614 
Cultivar S11-25615 vs "Walters" 1 164 2.93 0.0889 
      
 
102 
Cultivar S12-1362 vs "S99-2281" 1 164 1.88 0.1719 
Cultivar S12-1362 vs "UA 5014C" 1 164 11.67 0.0008 
Cultivar S12-1362 vs "Walters" 1 164 10.86 0.0012 
      
Cultivar S99-2281 vs "UA 5014C" 1 164 4.81 0.0298 
Cultivar S99-2281 vs "Walters" 1 164 4.12 0.0439 
      





















Supplementary Figure 1. Soybean flood-tolerant germplasm selection through hill-plot 






           
              
Supplementary Figure 2. Visual scale for foliar damage score (FDS), system used to evaluate 


























Supplementary Figure 3. Soybean flood-tolerant germplasm selection through row plot 





















Supplementary Figure 4. Allele signal results for Population 1 (N94-7440/UARK-5896). (A) 
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Supplementary Figure 5. Allele signal results for Population 2 (R10-4892 x UA5014C). (A) 
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Supplementary Figure 6. Allele signal results for Population 3 (R10-4892/91210-350). (A) 
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Supplementary Figure 7. Allele signal results for Population 4 (R10-4892 x UA5014C). (A) 
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Supplementary Figure 8. Random selection distribution based on the genotypes mean 
probability of discard. The gray category means that genotypes were not advanced. 15% of 
genotypes from each population were advanced randomly under field agronomic adaptation 






















Supplementary Figure 9. Marker assisted selection distribution based on allele discrimination 
of two markers: Gm03_3254190, Gm03_3255212. The gray category means that genotypes did 
not contain the favorable allele for flood tolerance. 15% of genotypes from each population 
were advanced when in the presence of favorable or heterozygous alleles (blue category). (A) 





















Supplementary Figure 10. Visual selection distribution of hill-plot flood screening dataset. 
The gray category means that genotypes were not advanced. The top 15% flood tolerant 
genotypes from each population were advanced to year  1 (blue category). (A) Population 1; 




















Supplementary Figure 11. Genomic Selection distribution of genotypes advanced through 
genomic selection approach. The top 15% of genotypes were advanced based on the smallest 






                 









Supplementary Figure 12. Prediction Accuracy of Genomic Selection for soybean flood 
tolerance. Foliar damage score (FDS) dataset collected in hill-lots were converted into mean 
probability of discard and used to train the populations. (A) Population 1; (B) Population 2; 






                        
 







           
 
 
Supplementary Figure 13. Prediction Accuracy of Genomic Selection for soybean flood 
tolerance. Foliar damage score (FDS) dataset collected in long-rows experiment were converted 
into mean probability of discard and used to train the populations. (A) Population 1; (B) 


















Supplementary Figure 14. Prediction Accuracy of Genomic Selection for soybean flood 
tolerance. Foliar damage score (FDS) dataset collected in long-rows experiment were 
converted into mean probability of discard and used to train the populations. Training 













Supplementary Figure 15. qPCR assay for Phytophthora detection. Figure (A) corresponds 
to samples collected in the hydroponic system and for Figure (B) the samples were collected 
in the field. The red line amplification are the samples being evaluated. The blue and green 
lines below zero indicates no amplification for Phytophthora and Phytophthora sojae. 
 
